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Deep-level mines face high electricity costs, posing a challenge as it significantly 

impacts production costs, consequently decreasing overall profitability. Complex 

energy-intensive cooling systems, including ventilation and refrigeration, contribute to 

approximately 28% of the mine’s total energy consumption. Hence, implementing 

energy savings initiatives for cooling systems in deep-level mining can mitigate 

production costs in the industry. 

The existing approaches to reducing electricity consumption on mine cooling systems 

rely on static control strategies and fail to adapt to the dynamic conditions prevalent in 

deep-level mines. The mining industry has rarely embraced time series forecasting 

models using artificial intelligence (AI) to develop control strategies for cooling 

systems. This study introduces AI-based temperature forecasting to address these 

limitations to enable the development of a dynamic control strategy for cooling systems 

in deep-level mines. By leveraging AI, the proposed approach aims to overcome the 

shortcomings of the existing methods and improve energy efficiency in the mining 

industry. 

The proposed dynamic control strategy focused on the surface bulk air cooling (BAC) 

plants and fans of a deep-level gold mine, considering system parameters closely 

related to the underground conditions and the operating characteristics of the system 

components. Long short-term memory recurrent neural network (LSTM-RNN) models 

were employed with five different forecasting horizons to forecast the surface and 

underground air temperatures. The accuracy of the temperature forecasting model 

was validated against real data and previous literature. The best-performing model 

(30-minute forecast) yielded a coefficient of variation for the root mean square error 
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(CV(RMSE)) of 1.66% and 1.55%, a root mean square error (RMSE) of 0.40°C and 

0.37°C and a mean absolute percentage error (MAPE) of 2.29% and 1.01% for the 

surface air wet bulb temperatures and underground wet bulb temperatures. These 

findings confirm that the model accurately forecasts surface and underground air 

temperatures. Subsequently, the model was used to identify a dynamic control 

strategy for the surface BAC system components, further enhancing the system's 

energy efficiency. A possible electricity cost savings of ZAR 1.5 million per annum 

were realised based on the proposed strategy. 

The models used to determine the control strategies only required significant 

maintenance when an unforeseen event occurred, such as adding or removing a fridge 

plant. Implementing such models aids the mine in achieving electricity cost savings 

without any additional changes to the current infrastructure. However, implementing 

an automated system will supplement the existing savings by making factors such as 

human error inconsequential. 
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1. INTRODUCTION 

 

1.1. Preamble 

This chapter introduces the background and motivation behind the study, along with 

an overview of artificial intelligence (AI). Additionally, it includes a comprehensive 

review of relevant literature, analysing the contributions and limitations of previous 

studies. A state-of-the-art table summarises the existing knowledge in the field, 

emphasising the need for further research. The problem statement and this study's 

specific aims and objectives are addressed. Finally, the chapter concludes by 

providing an overview of the document's structure. 

1.2. Background 

Mining is the process of extracting materials or minerals from the earth [1]. This 

process has been prevalent since pre-historic times. For instance, humans searched 

for stones to make tools [2]. As time progressed, the need for the materials has 

changed, and the increased difficulty of retrieving these materials has been observed, 

where the depth at which mining occurs is a primary reason for it [3]. South Africa has 

amongst the deepest mines in the world. Six of the top ten deepest mines are found 

in this region.1 

South African deep-level mines experience underground rock temperatures of up to 

60⁰C [4], contributing to harsh working conditions in these environments. Complex 

energy-intensive cooling systems are used to mitigate these conditions [5]. 

Furthermore, cooling systems in deep-level mines incur high electricity costs due to 

their relatively high energy consumption compared to other industries, such as the 

commercial and retail industries [6].  

The high electricity costs have become an increasing problem due to their impact on 

the production costs of the deep-level mining industry [7]. This has provided 

opportunities for energy savings initiatives to be implemented. Faster and more 

 

1 Holder, Kristen, “Discover the Top 10 Deepest Mines in the Entire World”, AZ animals, [Online], 
Available: https://a-z-animals.com/blog/deepest-mines-in-the-world/, [Accessed: 24-Jul-23] 

https://a-z-animals.com/blog/deepest-mines-in-the-world/
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dynamic solutions have been introduced due to technologies such as AI being set in 

motion [8]. 

Due to its complex infrastructure, AI has rarely been utilised in the South African deep-

level mining industry. However, decision-making, forecasting, and optimisation using 

AI give rise to applying dynamic energy savings opportunities [9]. 

1.2.1. Mining in South Africa 

Mining in South Africa has been prevalent since the 19th century when the first 

diamond was discovered in 1867 in the Hopetown area. The abundance of resources 

in the country led to the mining industry being the foundation of the South African 

economy [10]. Moreover, as of 2016, 11% of the world’s gold reserves were attributed 

to South Africa [8].  

The gold production in South Africa yielded 92.6 tonnes of gold, ranking it the 13th 

most gold-producing country in the world2. However, it has been observed that gold 

production has been decreasing year by year since 1990, as seen in Figure 1. 

 

Figure 1: Gold mining historical production in South Africa [11] 

 

2 “Gold mine production”, Goldhub, [Online], Available: https://www.gold.org/goldhub/data/gold-
production-by-country, [Accessed: 19-Jul-23] 
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Furthermore, mining production decreased by 0.8% between May 2022 and May 

2023. However, gold was seen as the largest positive contributor [12]. In 2019, the 

mining industry in South Africa employed 514 859 workers, compared to 538 144 in 

2015, where the biggest loss in jobs was found in gold mining (42 091 jobs) [8]. 

Reasons such as production stoppages, the health of the workforce, the change in 

infrastructure, and the increase in electricity costs contribute to the loss of jobs in the 

industry [13]. Although there has been a significant decrease in employability, the gold 

mining industry remains a notable contributor to the economy regarding employment 

numbers [12]. 

1.2.2. Energy consumption of mining systems 

Mining electricity costs in South Africa 

As mentioned in the preceding section, gold mining production has decreased since 

1990. However, it has been observed that these mines are increasing in depth to 

increase life of mine and to gain more access to the gold reserves [14]. Due to 

decreases in production and increases in mine depth, the ever-expanding nature of 

the gold mining industry has significantly contributed to the strain on Eskom’s 

electricity grid [15]. Moreover, the average electricity cost in the mining industry has 

shown a significant year-on-year increase, as seen in Figure 2 [16]. 

 

Figure 2: Electricity cost for mining in South Africa [16] 
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On top of the electricity cost increases, the mining industry must reduce its energy 

usage during prescribed times due to the country’s strained electricity network [17]. 

This, in turn, leads to losses in production opportunities. Therefore, the implementation 

of energy efficiency projects will aid in the reduction of production costs in the mining 

industry. 

Energy distribution of mining systems 

The main electrical energy consumers consist of [18]: 

• Pumping 

• Refrigeration 

• Compressed air 

• Ventilation 

• Hoisting and conveying systems 

Figure 3 details the predominant energy consumers in a deep-level gold mine [8]. 

 

Figure 3: Typical gold mine energy cost distribution (adapted from [8]) 

As seen in Figure 3, ventilation and refrigeration consume approximately 28% of the 

energy consumption in deep-level mines. 
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These commodities are commonly grouped as cooling systems. The objective of 

cooling systems is to reduce the air temperatures in underground working areas. 

Ambient air and water are the primary resources for cooling systems. The air is 

transferred into cold water, reducing the air temperature in these environments [8]. 

1.2.3. Deep-level mine cooling systems 

To maintain suitable working conditions and productivity in deep-level mines, 

underground temperatures are an imperative parameter that must be considered [19]. 

Cooling systems in deep-level mines are implemented to reach the objectives 

mentioned above. Crawford [20] observed that the complexity and capabilities depend 

on mining depths, which depend on virgin rock temperatures (VRTs). Auto-

compression and geothermal heat are key parameters in determining the VRT in an 

area of the mine. Figure 4 details the relationship between VRTs and mining depths 

in South Africa. 

 

Figure 4: Relationships between VRTs and mining depths in South Africa (adapted from [20]) 

Figure 4 shows that South African gold mines generally have approximate depths of 

4km and experience VRTs around 60⁰C. 
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The Mine Health Safety Act of South Africa (MHSA of SA) forbids work at wet bulb 

temperatures greater than 32.5⁰C and dry bulb temperatures greater than 37⁰C [21]. 

Deep-level mine cooling systems increase in complexity as the depth of the mine 

increases. The figure below shows the typical configurations of cooling systems, which 

are dependent on the depth of the mine. As depth increases, additional complexity is 

added to the system [20]. 

Deep-level mine cooling systems typically consist of three layers. The first layer 

consists of surface cooling systems. Surface cooling systems commonly consist of 

surface bulk air coolers (BACs).  

The second layer introduces underground cooling, mainly focusing on underground 

BACs. The third layer comprises mobile cooling units (MCUs), colloquially categorised 

as cooling cars [8]. Figure 6 depicts the typical configuration of deep-level mine cooling 

systems in South Africa. 

 

Figure 5: Cooling infrastructure based on depth and temperature (adapted from [22]) 
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Figure 6: Typical deep-level mine cooling system configuration [8] 

Typical cooling systems consist of the following components [15]: 

• Refrigeration plants 

• BACs 

• Pumps 

• Dams 

Refrigeration plants 

Refrigeration plants reduce the temperature of underground hot water. Deep-level 

mines use the vapour-compression cycle. This is a favoured cycle due to its ease of 

implementation and low operating costs compared to other existing cycles [23]. Other 

examples of refrigeration include [24], [25], [26]: 

• Thermoelectric effect cycle 

• Absorption cycle 

• Adsorption cycle 

A simple configuration of the vapour-compression cycle can be observed in Figure 7.  
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Figure 7: Vapour-compression refrigeration [23] 

The vapour-compression cycle consists of three cycles namely, the refrigeration water 

cooling cycle (C1), the refrigerant gas cycle (C2), and the condenser water cycle (C3). 

The refrigeration water cooling cycle is responsible for cooling the water with the use 

of a refrigerant. The water is then sent to the refrigerant gas cycle, where the 

evaporator extracts water and sends it to the condenser. The condenser water cycle 

is responsible for extracting heat from the system to the external environment [23].  

BACs 

BACs use ambient air and cold water to provide cool air to underground working areas 

[27]. The cold water is either pumped to the BAC or gravity-fed from a dam. Pascoe 

[28] observed that using BACs is the least expensive component to cool ambient air 

in underground areas.  

This is because less water is required for underground cooling. However, this result is 

only apparent for deep-level mines that do not require underground refrigeration plants 

and BACs. 
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BACs usually have two configurations. These configurations are vertical flow and 

crossflow [29]. The typical configurations can be observed in Figure 8. 

Pumps 

The main purpose of pumps is to reticulate the water between cooling system 

components such as refrigeration plants and BACs [30]. Mines typically use two types 

of pumps, namely, axial pumps and centrifugal pumps [29]. 

 

Figure 8: Vertical (left) and crossflow (right) BAC diagrams [27] 

Dams 

Dams are used to store cold and warm water in deep-level mines. They regulate the 

water capacity in the cooling systems to adapt to the dynamic characteristics of cold 

water in deep-level mines [31]. Typical cold dams are covered to maintain the 

temperature of the water [8], [28]. 

1.2.4. Deep-level mine cooling system control 

Supervisory control and data acquisition 

Like many other industries, such as the manufacturing and chemical industries, the 

mining industry uses control systems named the supervisory control and data 

acquisition (SCADA) systems [32]. A central controller, sensors, and actuators form 

the basis of SCADA systems [33]. The typical architecture of SCADA can be observed 

in Figure 9. 
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The field sites in the deep-level mine cooling systems consist of the components 

mentioned above, namely refrigeration plants, pumps, fans, and dams. These 

components consist of multiple sensors connected to a programmable logic controller 

(PLC), which is responsible for acquiring data from the sensors [34].  

The data is communicated to the SCADA servers via a Wide Area Network (WAN) 

[32]. Data is then stored on a historian database and displayed in control rooms. A 

typical SCADA display can be observed in Figure 10. 

 

Figure 9: SCADA architecture [32] 

 

Figure 10: SCADA display example 

Set point control 

Deep-level mine cooling systems are controlled to meet specific service delivery 

requirements: temperatures and dam levels. This is done using the step response 

control method [8]. 
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The step response control method provides an output to a system based on an 

instantaneous event. This is typically done using the set point control method [20]. The 

setpoint is an objective that belongs to a specific cooling system parameter of 

components [8]. For example, a guide vane angle setpoint is determined and 

implemented on a refrigeration plant compressor. The guide vane angle will be 

adjusted to meet the set point angle determined for the time of the day [35]. The figure 

describes the workings of a setpoint control model. 

 

Figure 11: Set point control flow diagram [8] 

An advantage of set point control is that it is rather simplistic in implementation [36]. 

Disadvantages include [8], [37], [38]: 

• It does not change based on adjustments to the infrastructure and operations. 

• Implementing energy savings becomes difficult if the set point has been 

adjusted. 

Dynamic control 

Dynamic control is more complex than setpoint control. The dynamic control could 

observe multiple inputs to attain a specific objective [37]. It considers the baseline 

operations as well as the current operations. The response is adjusted based on the 

difference between the baseline and the current operations [39]. 
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Figure 12: Dynamic control flow diagram [8] 

Drawbacks of dynamic control include: 

• The complexity of the model requires large computational time and complex 

computational technologies [38]. 

• Human inference of the model is limited; hence, it becomes difficult to make 

corrections to incorrect control models [40] 

1.2.5. Energy savings implementations on mine cooling systems 

As mentioned in Section 1.2.2, deep-level mine cooling systems account for 

approximately 28% of the electricity costs in deep-level mines [8]. Therefore, these 

systems are seen as one of the major contributors to energy consumption in this 

industry. Thus, it is imperative to implement energy savings strategies to address the 

mine’s increasing electricity costs. Load shifting, peak clipping, and energy efficiency 

strategies are among the popular approaches for energy savings initiatives [41]. 

Load shifting 

Load shifting energy savings projects shift the energy requirements of a system to 

different periods of the day while using the same energy usage of the system and 

maintaining the cooling requirements throughout the day in the context of cooling 

systems [8]. The shifts in energy are based on the Time-of-use (TOU) tariff structure 

of the electricity supplier, which is Eskom for South African deep-level mines [16]. The 
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Eskom TOU tariff structure is divided into three periods of the day: peak, off-peak, and 

standard, as seen in Figure 13. 

 

Figure 13: Eskom Megaflex tariff structure [42] 

Figure 13 details different tariff structures for the low and high-demand seasons. The 

high-demand season spans from June to August. The remaining months compose the 

low-demand season [28]. 

Peak clipping 

Peak clipping aims to reduce energy consumption during specific periods of the day 

[41]. In the context of cooling systems, this method is often implemented when mining 

personnel are not underground, as shown in Figure 14 [28]. 

 

Figure 14: Peak clipping energy reduction 
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Energy efficiency 

Figure 15 indicates the outcome of energy efficiency implementations. Energy 

efficiency projects aim to use less energy by improving the cooling system’s efficiency. 

These improvements are seen using: 

• Adjustments of control philosophies. E.g., Seasonal control [41] 

• Installation of new technologies. E.g., the installation of variable speed drives 

(VSDs) reducing the flow into cooling systems [20] 

 

Figure 15: Energy efficiency energy reduction 

1.3. Artificial intelligence 

Large computational times have been mitigated with the introduction of AI [8]. AI is a 

vast topic that incorporates many topics, which include computer science, engineering, 

mathematics, and statistics [43]. AI is commonly known as a “buzzword”; hence, the 

definition has not been concisely identified. Several AI scientific committees define AI 

as a tool or resource that contributes to and enhances the daily lives of humans [44]. 

The application of AI has increasingly become more prevalent in many industries. The 

medical, media, education, finance, agriculture, and manufacturing industries have 

made significant gains in the use of AI in applications which do not necessarily require 

human intervention [45]. Applications of AI include: 

• Automation: Automation is completing repetitive tasks to allow humans to 

focus on more complex tasks. Automated assembly lines in factories are an 

example of automation [43]. 
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• Robotics: Robotics is a field akin to automation since they both perform 

repetitive tasks. Robotics tends to be represented by machines that perform 

tasks. Research is steadily increasing in the development of artificially 

intelligent robots. These robots are created to behave and learn similarly to 

humans [43]. 

• Optimisation: Optimisation uses machine learning, deep learning, and 

metaheuristic algorithms to make real-time decisions on systems and 

processes [46]. 

• Image Processing: Makes use of machine learning and deep learning for 

pattern recognition in images [47]. A common application is the diagnosis of 

infectious diseases [48]. 

Although AI has a variety of applications, several drawbacks are, but not limited to 

[43]: 

• Lack of transparency. AI applications are typically classified as “black box” 

models [49]. “Black box” models know inputs and outputs; however, the inner 

workings are unknown. 

• Trust. Due to the adoption of the “black box” model, it is difficult for stakeholders 

to trust AI applications in industries. 

The mining industry has made significant progress in applying AI technologies—Table 

1 details implementations of AI in the mining industry. 

Table 1: AI in mining studies 

Study Description 

Harmse [8] Utilised AI optimisation techniques for the dynamic control 

of refrigeration plants.  

Ouman [50] Applied image processing in the mining industry. Image 

processing was used to identify froth on froth floatation 

systems.  

Nguyen [51] Implemented AI algorithms to predict and control blast-

induced vibration in open-pit coal mines. 



Chapter 1 | Introduction 

 

17 

Study Description 

Mathee [34] Used a machine learning model to predict compressed air 

control parameters in real-time. 

Hyder et al. [52] Recognised several AI applications in the industry. 

Prospecting and exploration, drilling, and autonomous 

vehicles were identified among the applications.  

The table above indicates that AI has been implemented in the mining industry. 

However, mining is not among the top industries that use AI in their systems and 

processes [43]. 

Due to the increased computational performance, AI, specifically machine learning, 

deep learning, and AI optimisation techniques, has increased in popularity in decision-

making processes [52]. 

1.3.1. Machine learning 

The basic principles of machine learning have been present for several decades. Due 

to the advances in computer technology and the plentifulness of data, machine 

learning has increasingly become more popular in industrial systems [53]. 

Mitchell defined machine learning as a computer program that progressively learns a 

task from experience. The programme's performance is then assessed and improves 

with experience [54]. Figure 16 details the typical workings of machine learning models 

[55]. 
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Figure 16: Machine learning process flow diagram [55] 

Machine learning is typically divided into supervised, unsupervised, and reinforcement 

learning [45]. Figure 17 details categories that fall under machine learning. 

Machine learning 
types

Supervised learning
Unsupervised 

learning
Semi-supervised learning

Reinforcement 
learning

Discrete 
data

Continuous 
data

Unlabelled data
Learns from combined data 

(Labelled + Unlabelled)
Positive 

(Reward)
Negative 
(Penalty)

Classification Regression Clustering Association Classification Clustering

 

Figure 17: Machine learning types (adapted from [56]) 

Supervised learning 

Supervised learning is the process where learning occurs by using a predetermined 

relationship between the inputs and outputs [53]. In other words, the data is labelled. 
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For instance, the mileage, age, and brand are used to determine the price of a vehicle. 

Examples of supervised learning include [55]: 

• Linear Regression 

• Logistic Regression 

• K-Nearest Neighbours (KNN) 

• Support Vector Machines (SVMs) 

• Decision Trees and Random Forests 

• Neural Networks 

Unsupervised learning 

Unsupervised learning occurs when data is not labelled [55] [57]. Unsupervised 

learning is used to identify the underlying relationships between inputs and outputs. 

Unsupervised learning algorithms cover, but are not limited to [55]: 

• Clustering 

• One-Class SVM for anomaly and novelty detection 

• Principal Component Analysis (PCA) for visualisation and dimensionality 

reduction 

• Apriori for association rule learning 

Reinforcement learning 

Reinforcement learning is based on observations of the provided data [55]. Sarker 

observed this as an environment-driven approach [56]. These algorithms learn using 

a trial-and-error method. A reward is given if the correct insights are observed, 

whereas a penalty is given for incorrect insights.  

If no reward is given, the algorithm re-adjusts to improve the probability of achieving 

the correct insights [53]. Reinforcement learning has been applied in game theory, 

robotics, and optimisation [56]. 

The algorithms mentioned above are not limited to their separate categories. In some 

cases, the categories are combined to achieve improved insights and complexity [53], 

[55], [57]. Deep learning is another machine learning algorithm that belongs to the 
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machine learning family and is incorporated into all the categories mentioned above. 

This type of learning will be discussed further in Section 1.3.2 

1.3.2. Deep learning 

Deep learning is a subfield or category of machine learning where the algorithms are 

based on the brain's architecture [58]. They make use of multiple processing layers to 

gather insights with the use of large amounts of data [59]. The processing layers are 

also known as Artificial Neural Networks (ANNs), which form the nucleus of deep 

learning, as mentioned by Géron [55]. 

Artificial Neural Networks 

ANNs are observed as a representation of complex mathematical equations [49]. 

Neurons, akin to neurons from the human brain, form the basis of the ANN [34]. These 

neurons are interconnected, sending a message to each other obtained from an input. 

These connections form a complex network, which allows it to gain insights based on 

the messages [58]. The simple architecture of an ANN can be seen in Figure 18. 

Input Data

Layer 1 Layer N...

Output Data

Neuron

 

Figure 18: Simple architecture of an ANN (adapted from [58]) 

ANNs typically consist of three layers, namely the input layer, the hidden layer, and 

the output layer [34], [49], [60]. The input layer mainly consists of the model’s input 

variables; the output layer represents the desired outcome for the model, and the 
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hidden layer, where the relationship between the input variables and the desired 

outcome is determined [61]. The hidden layer determines the relationship between the 

input and output using weights. These weights dictate the influence each input variable 

has on the desired outcome [34]. The ANN identifies the weights to produce the 

desired output with minimal error [60]. The error is typically determined using the mean 

square error (MSE), which can be observed as follows: 

 
𝑀𝑆𝐸 =  ∑

(𝑌𝑡 − 𝑌𝑜)2

𝑁

𝑁

𝑖=1

 (1) 

Where: 

• 𝑀𝑆𝐸 is the mean square error. 

• 𝑁 is the number of parameters. 

• 𝑌𝑡 is the desired output. 

• 𝑌𝑜 is the model output. 

ANNs consist of various algorithms, which differ depending on the desired application 

of the model. Multilayer Perception (MLP), Convolutional Neural Networks (CNNs), 

and Recurrent Neural Networks (RNNs) are among the most common ANN algorithms 

[62]. 

Multilayer Perception 

MLP is a feed-forward network [56], [61]. A feed-forward network is present when 

information is only processed in one direction through multiple neurons and layers 

[63]. MLP forms the basis of the majority of existing ANNs. 

Convolutional Neural Networks 

CNNs have a modified enhancement of the ANN architecture with the addition of 

convolutional layers [56]. The convolutional layer is made from multiple matrices called 

kernels, which attempt to identify patterns in the input variables [64]. CNNs are 

typically used in areas such as image processing, classification, and natural language 

processing [56], [58]. The architecture of a CNN can be seen in Figure 19 below: 
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Figure 19: An example of a CNN architecture [56] 

Recurrent Neural Networks 

RNNs were developed to implement ANNs on sequential data. RNNs contain a hidden 

layer which recollects the state of the input variables. The desired output is determined 

by the feed-forward network and the previous states observed [62]. RNNs are typically 

used when modelling sensor data, typically categorised as time series data.  

1.3.3. Time series forecasting 

Time series forecasting aims to predict future values using time series input data [65]. 

Time series data is data that is time-dependent [66]. This technique typically gathers 

insights by observing the correlation between input data with the same timestamps 

[67]. 

Time series forecasting applications include but are not limited to [68] [69]: 

• Signal processing 

• Biological sciences 

• Medicine 

• Finance 

• Marketing 

• Climate modelling 

Time series forecasting has become increasingly popular due to the advent of 

technologies and data growth over recent years. Moreover, the models have also 
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increased in variety. However, all models do not apply to all types of time series data. 

Due to the nature of time series data, machine learning techniques, like linear 

regression models, are popular for time series forecasting due to their simplistic 

approach. 

Linear regression 

Linear regression is amongst the most popular machine learning techniques for 

modelling [67]. A linear regression model determines a linear relationship between 

independent and dependent variables [34]. A linear regression model in the context of 

a time series can be described with the following equation [49], [67]: 

 
𝑦𝑡 =  𝑚1𝑥𝑡1 +  𝑚2𝑥𝑡2 + ⋯ 𝑚𝑛𝑥𝑡𝑛 +  𝜀𝑡  (2) 

Where: 

• 𝑦𝑡 is the desired output or dependent variable. 

• 𝑚𝑛 is the regression coefficient or weight. 

• 𝑥𝑡𝑛 is the independent variable. 

• 𝜀𝑡 is the error. 

Figure 20 illustrates the linear regression model described in Equation 2 above: 

 

Figure 20: Linear regression model [34] 
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Although linear regression is observed as a simplistic and effective tool, certain 

requirements need to be met to implement this technique for time series forecasting. 

These requirements are [70]: 

• Linearity: The relationship between the output and input variables must be 

linear. 

• The input variables must be independent of each other. 

• The observations must be independent of each other. 

• The error in the model should not be dependent on the previous data, also 

known as autocorrelation. 

Due to the nature of time series data, the error depends on previous data; hence, 

autocorrelation is present. Models such as the auto-regressive (AR) model, the moving 

average (MA), auto-regressive moving average (ARMA), and the auto-regressive 

integrated moving average (ARIMA) mitigate the failed assumptions observed when 

applying linear regression techniques to time series data [71]. 

Auto-regressive model 

The AR model uses a linear formula to determine the future value of a variable, akin 

to a linear regression. However, the difference is observed where the formula for the 

AR model is based on the variable itself, hence being described as “auto-regression” 

[71]. The AR model can be detailed in Equation 3 below: 

 

𝑦𝑡 =  𝑐 + 𝑚1𝑦𝑡−1 + 𝑚2𝑦𝑡−2 + ⋯ 𝑚𝑝𝑦𝑡−𝑝 +  𝜀𝑡 (3) 

Where: 

• 𝑐 is a constant where no previous values are considered. 

• 𝑦𝑡 is the desired output or dependent variable. 

• 𝑚𝑝 is the regression coefficient or weight. 

• 𝑝 is the number of previous values that are considered. 

• 𝜀𝑡 is the error. 
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Moving average model 

The MA model is determined by creating a linear formula based on averages of a 

separate time series [72]. The separate time series is compiled using the error terms 

of forecasted values and is detailed in Equation 4: 

 𝑦𝑡 =  𝑐 + 𝜀𝑡 + 𝑚1𝜀𝑡−1 +  𝑚2𝜀𝑡−2 + ⋯ 𝑚𝑝𝜀𝑡−𝑞 (4) 

Where: 

• 𝑞 is the number of error terms that are considered. 

Auto-regressive moving average 

The AR and MA models can be combined to form the ARMA model. Zhang and Moore 

[73] observed that ARMA models yield more effective forecasts than the AR and MA 

models due to minimising the number of parameters required when forecasting. The 

ARMA model is given as: 

 𝑦𝑡 = (𝑐 + 𝑚1𝑦𝑡−1 +  𝑚2𝑦𝑡−2 + ⋯ 𝑚𝑝𝑦𝑡−𝑝 +  𝜀𝑡) 

+(𝜇 + 𝜀𝑡 + 𝑚1𝜀𝑡−1 + 𝑚2𝜀𝑡−2 + ⋯ 𝑚𝑝𝜀𝑡−𝑞) 

(5) 

Where: 

• 𝑝 is the number of previous values. 

• 𝑞 is the number of previous error terms. 

The models are typically used for stationary time series data. Stationary data refers to 

data that does not change over time [66]. The ARIMA model was introduced to forecast 

and model time series dependent on time. 

Auto-regressive integrated moving average model 

The ARIMA model was popularised in the 1970s by George Box and Gwilym Jenkins 

[74]. The ARIMA model is a modification of the ARMA model with an integrated 

section, which allows the model to be implemented on non-stationary data. The 

integrated section uses differencing, which makes the data stationary by subtracting 
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an observation value from a previous value [66]. ARIMA model is typically notated as 

ARIMA (p, q, d) where [66] [71]: 

• p and q correspond with the p and q that was mentioned in the ARMA model 

• d is the number of iterations of differencing required to make a time series 

stationary 

The ARIMA model has shown promise in forecasting time series data that is linear 

[75]; however, the same promise was not observed with data that contained seasonal 

patterns, hence the development of the seasonal ARIMA model (SARIMA) [76]. 

Seasonal auto-regressive integrated moving average model 

The SARIMA model supplements the ARIMA model by including seasonal 

parameters. The typical notation of the model is shown as SARIMA (p, q, d) (P, Q, D) 

where [74]: 

• p, q, and d correspond with the p, q, d mentioned in the ARIMA model 

• P is the seasonal component of the AR (p) parameter 

• Q is the seasonal component of the MA (q) parameter 

• D is the seasonal differencing (d) parameter 

Zhang et al. [77] observed that the SARIMA model effectively forecasts time series, 

including seasonal parameters. However, it was not as effective when forecasting data 

affected by multiple parameters. Making use of ANN techniques was suggested to 

forecast this type of data. 

ANNs for time series forecasting 

ANNs are suitable for forecasting time series data due to the following reasons [78]: 

• Non-linearity: Time series data, typically multivariate, tend to be difficult to 

forecast using the models above. ANNs mitigate this difficulty by identifying the 

complex non-linear relationships between the input and output variables. 

• Use of high-dimensional data: Time series forecast typically performs better 

when large amounts of data are used. ANNs effectively determine models with 

such data, which aids in forecasting an output variable. 
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• Temporal dependencies: Temporal dependencies detail how dependent a 

previous behaviour is on the current behaviour [79]. 

Although ANNs have shown significant promise in time series forecasting, they have 

drawbacks. Drawbacks include [55] [69]: 

• Complexity: ANNs are difficult to interpret and understand; thus, there is 

difficulty in identifying the reasons that affect the model's performance. 

• Overfitting: Overfitting is observed when the model performs well during the 

training phase. However, the model's performance significantly decreases 

when exposed to unseen data [80]. Overfitting when implementing an ANN will 

occasionally occur when many parameters are selected. 

• Speed: Due to the complexity of the chosen ANN, the model can be 

computationally intensive during the training phase due to the nature of time 

series data. The model may require training on multiple occasions, hence 

unsuitable for real-time response. 

Due to recent developments in technologies, the computational intensity of these 

models has decreased. The application of pre-processing, feature engineering, 

parameter selection, and model selection should be applied to mitigate the drawbacks 

that were mentioned [55] [58] [78]. 

As mentioned above, RNNs are best suited for time series forecasting due to their 

purpose for modelling sequential data such as time series data. Gated Recurrent Unit 

(GRU) and Long Short-term Memory (LSTM) are typical types of RNNs due to their 

ability to handle long-term dependencies [81]. For instance, the temperature changes 

based on seasonality will be considered when modelling the time series data. 

Gated Recurrent Unit 

The basic structure of a GRU model has two gates: an update gate and a reset gate. 

These gates are vectors that determine which information is provided to the output. 

The update gate determines the amount of previous memory kept [66] [71]. The GRU 

is made up of the following components along with their respective equations: 
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• Update gate: 𝑧 = 𝜎(𝑊𝑧𝑥 + 𝑈𝑧ℎ) (6) 

• Reset gate:   𝑟 = 𝜎(𝑊𝑟𝑥 + 𝑈𝑟ℎ) (7) 

• Cell state:   𝑐 = 𝑡𝑎𝑛ℎ(𝑊𝑐𝑥 + 𝑈𝑐(𝑟ℎ)) (8) 

• New state:   ℎ𝑡 = ℎ(1 − 𝑧) + 𝑧. 𝑐 (9) 

Where: 

o 𝜎 is the sigmoid function. 

o 𝑊𝑧 is the weighted matrix for the input state. 

o 𝑥 is the input vector. 

o 𝑈𝑧 is the weighted matrix for the hidden state. 

o ℎ is the hidden state vector. 

o ℎ𝑡 is the output vector. 

 

Figure 21: GRU network architecture [71] 
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Long Short-term Memory Recurrent Neural Network 

Faustryjak et al. [82] observed that LSTM models are one of the best-performing 

models for time series forecasting. These models can identify patterns from input 

variables over a long sequence [71]. The LSTM model is represented as a memory 

cell. The memory cell is divided into two segments. 

The first segment contains the input gate, a forget gate and an output gate. The 

multilayer perceptron is typically used as the output gate. These gates are responsible 

for determining which data is important to the model. The second segment contains 

the cell state and a hidden state. These states are used for gathering data for the next 

time step [66]. Figure 22 details the structure of the LSTM cell. 
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Figure 22: LSTM cell structure (adapted from [66]) 

The gates and states are described mathematically as follows: 

• Input gate: it = σ(𝑊𝑖ℎ𝑡−1 + 𝑊𝑖ℎ𝑡) (10) 

• Forget gate 𝑓𝑡 = σ(𝑊𝑓ℎ𝑡−1 + 𝑊𝑓ℎ𝑡) (11) 

• Output gate 𝑜𝑡 = σ(𝑊𝑜ℎ𝑡−1 + 𝑊𝑜ℎ𝑡) (12) 

• Hidden cell state 𝐶 = 𝑡𝑎𝑛ℎ(𝑊𝑐ℎ𝑡−1 + 𝑊𝑐ℎ𝑡)) (13) 

• Cell state 𝑐𝑡 = (𝑖𝑡𝐶) + (𝑓𝑡𝑐𝑡−1) (14) 

• New state ℎ𝑡 = 𝑜𝑡 𝑡𝑎𝑛ℎ(𝑐𝑡) (15) 



Chapter 1 | Introduction 

 

30 

Where: 

o ℎ𝑡 is the output vector. 

o 𝑊𝑖, 𝑊𝑓, 𝑊𝑜, and 𝑊𝑐 are the parameter matrices for each of the gates and states 

The LSTM model is well-suited for time series forecasting; however, it does contain 

several drawbacks, which include: 

• They require larger amounts of data during the training phase. 

• LSTM models can be computationally intensive since the LSTM cell's 

parameters must be calculated. 

• They may perform poorly with data that contains large amounts of noise. 

1.4. Air temperature forecasting 

As mentioned by Yamak et al., time series data is time-dependent [66]. Temperature 

is observed as a sequential measurement that varies over time, thus falling into the 

category of time series data [83]. Classical or numerical air temperature forecasting is 

done with the use of atmospheric models based on current ambient conditions [65].  

The determination of unforeseen events, such as tornados, the prediction of soil 

surface temperature, and energy consumption are use cases for air temperature 

forecasting [84]. The use of air temperature has been an integral parameter in the 

implementation of control strategies in HVAC systems in residential buildings [85]. 

Table 2 details existing literature on the use of air temperature forecasting in HVAC 

systems: 

Table 2: Summary of literature based on air temperature forecasting. 

Study Description 

Hietaharju et al. [85] Developed a mathematical model to predict the indoor 

temperature to perform demand side management of 

the HVAC system within an office building. 

Aliberti et al. [86] Applied an RNN model with the demand response and 

demand side management on smart buildings. 
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Study Description 

Elmaz et al. [87] Introduced a combination of the CNN-LSTM model to 

determine the operating conditions of HVAC systems in 

buildings. 

Mtibaa et al. [88] Made use of an LSTM model to predict the indoor air 

temperature to determine a control strategy for HVAC 

systems in indoor buildings. 

Bellagarda et al. [89] Implementing an energy management strategy of HVAC 

systems through smart building indoor air temperature 

forecasting using ANNs. 

Bellagarda et al. [89] observed that the LSTM-RNN model is the most common 

approach used for air temperature forecasting. This is also observed in Table 2. 

1.5. Literature study 

1.5.1. Summary of literature 

The focus of this study is the implementation of control strategies in deep-level mine 

cooling systems. Several studies focused on implementing static setpoint control 

strategies on such systems. Although these strategies were successful, these 

strategies are not implemented dynamically due to the uncertainty of conditions during 

all periods of the year. 

Studies indicate the possibility of implementing AI for decision-making in the deep-

level mining industry. For instance, Harmse [8] used AI to optimise deep-level mine 

refrigeration systems. Table 3 below summarises related studies discussed and 

indicates gaps in the current literature. The following criteria were determined as 

relevant to the study: 
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• Deep-level mining industry: Does the study take place in the mining industry? 

It is important to note the requirements of the deep-level industry as they may 

differ from other industries. 

• Cooling systems: Is the study focused on cooling systems? Cooling systems 

have a set of parameters to determine the system's operating status. 

• Control Philosophy: Was a control philosophy or strategy implemented? 

• Artificial Intelligence: Does the study implement AI technologies and tools into 

a control philosophy? 

• Temperature forecasting: Was temperature forecasting used as decision-

making as the primary medium for control strategies? 

• Cost savings: Does the study result in energy cost savings? 

The literature study was conducted by using various databases. It was identified by 

searching the criteria above deep-level mining, cooling, refrigeration, and ventilation 

systems, control, AI, temperature forecasting, and cost savings. Science Direct3, IEEE 

Explore4, ResearchGate5, Springer6, and general searches using Google Scholar 

were the databases examined for the search. The following sections shall discuss the 

outcomes and shortcomings of the studies focusing on one or more of the criteria. 

Enhancing mine cooling efficiency using optimised control strategies [4 - 6], [15], [20], 
[26 - 30], [35] [41] 

The studies focused on enhancing the efficiency of deep-level mine cooling systems. 

Mathematical models and simulation software were used to identify and develop 

control strategies accounting for seasonal variations and peak demand. The strategies 

included the installation of VSDs, peak clipping, and load shifting strategies.  

However, these studies did not monitor the underground air temperatures at deeper 

levels. Moreover, some of the strategies required additional infrastructure to be 

installed in the mine to improve the accuracy of the developed models. The lack of 

instrumentation can be addressed by implementing AI techniques. 

 

3 ScienceDirect, [Online], Available: https://www.sciencedirect.com/, [Accessed: 2022] 
4 “IEEE Xplore”, [Online], Available: https://ieeexplore.ieee.org/Xplore/home.jsp, [Accessed: 2022] 
5 ResearchGate, [Online], Available: https://www.researchgate.net/,[Accessed: 2022] 
6 Springer Link, [Online], Available: https://link.springer.com/, [Accessed: 2022] 

https://ieeexplore.ieee.org/Xplore/home.jsp
https://www.researchgate.net/
https://link.springer.com/
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Utilising AI to optimise refrigeration systems in deep-level mining [8] 

This study applied an AI optimisation technique, particle swarm optimisation, to 

develop a dynamic control strategy on deep-level mine refrigeration systems. A 

mathematical model was used to characterise the refrigeration plant and was applied 

to the optimisation algorithm. Most of the cost savings were observed by a load shifting 

and efficient plant selection recommended by the strategy. The study did not include 

the effect of air temperatures in the solution. Moreover, AI techniques such as ANNs 

could characterise the plants more accurately and incorporate additional parameters 

with minimal effort. 

Application machine learning models for prediction and forecasting [9], [51], [77], [82] 

These studies explored the application of machine learning models in various 

industries, such as the environmental, medical, mining, and financial industries. 

Cabaneros et al. [9] reviewed the application of ANNs in the context of air pollution. 

Zhang et al. [77] compared the performance of ANNs, RNNs, and the SARIMA for 

predicting monthly typhoid fever incidence, with the neural network models 

outperforming the SARIMA model.  

Faustryjak et al. [82] implemented an LSTM-RNN model to offer stock market increase 

recommendations for the future. Lastly, Nguyen [51] utilised a KNN algorithm to predict 

blast-induced ground vibration in open-pit coal mines, outperforming the traditional 

mathematical models. 

These studies indicate the application of AI techniques in various industries. However, 

there is an indication of the implementation of AI in the mining industry. These studies 

did not apply the methods developed in the deep-level mining industry. 

An Improved compressed air control solution using machine learning in deep-level 
mining [34] 

This study developed an ANN model to predict the pressures of the compressed air 

network. It used the predictions with an energy management system to implement a 

dynamic control solution for the compressed air system. However, this solution was 

not applied to other systems, such as cooling systems. 
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Application of ANNs for temperature forecasting and HVAC system control [39], [53], 
[61], [85-89] 

These studies applied machine learning models for HVAC system control, mainly in 

the building sector. Temperature forecasting was seen as the primary parameter for 

the HVAC controller [88], [89]. Ntakolia et al. [53] observed that machine learning 

models were implemented for heating demand prediction, load forecasting and control. 

ANNs, LSTM and a combination of CNNs and LSTMs were primarily used for indoor 

temperature forecasting models to implement the control strategies.  

The studies identified that the neural networks mentioned could handle multiple input 

and output parameters better than traditional methods. Moreover, the models yielded 

superior response speed and efficiency results. 

Due to the similarity to HVAC systems, this indicates the potential for implementing 

AI-based temperature forecasting methods for deep-level mine cooling systems [30]. 

However, a lack of literature pertains to implementing these methods in the mining 

industry. 

Evaluating different machine learning models for energy measurement and verification 
in deep-level mines [49] 

This study evaluated the use of machine learning models, namely linear regression, 

ANNs, SVMs, and KNNs, for the measurement and verification (M&V) of energy usage 

in the deep-level mining industry.  

The models predict energy usage and calculate energy savings for M&V applications. 

Although the method was applied in the deep-level mining industry, the study did 

indicate whether machine learning models apply to industry control strategies. 

Application of machine learning for air temperature forecasting [62], [65], [84] 

These studies evaluated the feasibility of using machine learning models for air 

temperature forecasting. The studies focused on using SARIMA, ANN, RNN, and 

LSTM-RNN models. Although the studies indicate that these models are feasible for 

air temperature forecasting, the forecasting methods did not use the models for a 

dynamic control solution. Moreover, the studies focused on making long-term 
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forecasts, which does not apply to applying the models on cooling systems in the deep-

level mining industry. 

Table 3 summarises the related studies discussed and indicates a gap in the present 

literature. 

Table 3: State-of-the-art matrix detailing gaps in previous research 
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[4 - 6], [15], [20], [26 - 30], [35] [41] ✓ ✓ ✓   ✓ 
 

[8] ✓ ✓ ✓ ✓  ✓ 
 

[9], [51], [77], [82]    ✓    

[34] ✓  ✓ ✓  ✓  

[39], [53], [61], [85-89]  ✓ ✓ ✓ ✓ ✓ 
 

[49] ✓   ✓  ✓ 
 

[62], [65], [84]    ✓ ✓  
 

1.5.2.  Shortcomings of existing literature 

Section 1.5.1 indicates the existing literature related to the study. The studies indicate 

the literature gap and the shortcomings applicable to the study. 

Shortcomings of the existing literature include: 

• The underground ambient conditions were not accounted for in developing the 

control solutions. 

• Additional infrastructure is required to improve the performance of the 

traditional models used for the cooling system control strategies. 
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• There is a lack of literature on using AI-based temperature forecasting methods 

for deep-level mine cooling systems. 

1.6. Need for the study 

Attention to electricity costs is imperative to sustain the profitability of deep-level 

mines. 

The cooling systems found in deep-level mines are complex and integrated, 

contributing to approximately 28% of the mine’s total electricity consumption. 

Literature indicates that these systems have implemented control strategies to reduce 

energy costs. However, these strategies have shortcomings, where potential energy 

savings opportunities are missed. 

One of the shortcomings observed with cooling system control strategies is that these 

strategies are static. Cooling systems depend on ambient conditions, for instance, 

underground air temperatures, which are dynamic; thus, the existing strategies need 

to be evaluated based on these conditions. AI has shown the ability to predict these 

conditions. Thus, the need exists to develop a control strategy that addresses the 

challenges of re-evaluating static control strategies to gain the full potential for energy 

savings. 

AI-inspired temperature forecasting is needed to develop a dynamic control solution 

for deep-level mine cooling systems. 

1.7. Study objectives 

Defining and addressing the research objectives provide a comprehensive 

understanding of the research problem. AI, specifically a machine learning and/or 

deep learning model, would need to be implemented to forecast surface and 

underground air temperatures. These models will serve as the basis for a dynamic 

control solution of a surface mine BAC, indicating the possible cost savings that can 

be achieved. 

Table 4 indicates the research objectives that will be considered to address the need 

for the study mentioned in Section 1.6.  
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Table 4: Research objectives 

Research 
objective Statement Description 

1 Identify the mine’s system 
parameters closely related 
to the surface BACs. 

The system parameters must 
be identified to avoid scope 
creep and mitigate the model’s 
complexity. 

2 Determine, develop, and 
evaluate an appropriate 
temperature forecasting 
model. 

A suitable model for 
forecasting temperatures in the 
mining industry needs to be 
determined based on existing 
literature. Moreover, the model 
needs to be evaluated to 
ensure that the selected model 
is sufficient to be implemented 
for a dynamic control solution.  

3 Develop a dynamic control 
solution for the surface BAC 
cooling plants and the BAC. 

The dynamic control solution 
shall be developed based on 
the model developed for 
research objective 2 and 
predefined targets.  

4 Validate the control solution 
which addresses the 
research problem. 

This is addressed by 
evaluating whether the 
previous objectives have been 
sufficiently addressed. 
Moreover, it indicates whether 
the developed control solution 
can yield possible electricity 
cost savings. 

1.8. Research methodology 

A solution methodology will be developed to address the research objectives. The 

solution developed in the study will result in quantitative data. Therefore, the 

quantitative research methodology is required to validate the proposed methodology. 

Moreover, the developed solution must be applied to similar deep-level mine cooling 

systems. 

Therefore, a case study research design forms the basis of the study [90]. This will 

show that the solution can be generalised with a single case study. Moreover, the 
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research design shall eliminate bias regarding the validation process [90]. Figure 23 

details the case study’s research design procedure. 

1. Identify 
problem/need 
for the study

2. Review 
literature/build 

theory

3.1 
Development of 

solution
3.2 Select case

4. Conduct case 
study

5. Write 
individual case 

report

6. Compare 
with literature

7. Modify 
protocol if 
required

 

Figure 23: Case study research design (adapted from [90]) 

1.9. Dissertation overview 

Chapter 1 provides a comprehensive overview of South Africa’s mining industry and 

energy consumption patterns, focusing on cooling systems as a significant contributor 

to energy usage in deep-level mines. The chapter explores existing energy reduction 

strategies and reviews relevant technologies and studies from various industries. 

Through this review, the need for the study is identified. The chapter concludes with a 

summary of the relevant literature and clearly states the research problem and 

objectives. This forms Steps 1 and 2 in Figure 23 and Figure 24. 
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1. Identify 
problem/need 
for the study

2. Review 
literature/build 

theory
 

Figure 24: Problem identification and literature review – steps 1 and 2 

Chapter 2 outlines a method to approach the need for the study and objectives 

described in Chapter 1. 

The approach to address research objective 1 is to determine the boundaries of the 

study. Additionally, the parameters within the boundaries are identified. Research 

objective 2 is addressed by determining the most suitable model to forecast the 

surface and underground temperatures. The chosen model will be used for the 

development of a dynamic control solution for a mine cooling system. A method is 

determined to fulfil research objective 3. A dynamic control strategy for the system is 

developed based on the developed model to address research objective 2.  

The method derives the processes from the literature detailed in the previous chapter 

to develop a temperature forecasting model for a control strategy on deep-level mine 

cooling systems. This forms Step 3.1 in Figure 23 and Figure 25. 

3.1 
Development of 

solution
 

Figure 25: Development of solution – Step 3.1 

The results based on the implementation of the methodology will be depicted on a 

specific mine in Chapter 3. The relevant objectives will be validated and verified by 

comparing the results with the literature and compared to the present operation to 

indicate the financial benefit. Thus, addressing research objective 4. This forms steps 

3.2, 4, 5, and 6 in Figure 23 and Figure 26. 
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3.2 Select case

4. Conduct case 
study

5. Write 
individual case 

report

6. Compare 
with literature

 

Figure 26: Results analysis – steps 3.2 - 6 

Chapter 4 will provide a summary of the study, an analysis of the study’s objectives, 

recommendations, shortcomings, and future work relevant to this study. This forms 

Step 7 in Figure 23 and Figure 27. 

7. Modify 
protocol if 
required

 

Figure 27: Conclusion – Step 7 

1.10. Conclusion 

One of the main challenges for deep-level mines is reducing electricity costs to remain 

profitable. Research indicates that mining cooling systems, which include ventilation 

and refrigeration systems, account for approximately 28% of a deep-level mine's 

energy consumption due to their complexity. 

These systems must ensure that temperatures do not exceed wet bulb temperatures 

of 32.5°C and dry bulb temperatures of 37°C, as deep-level mines experience VRTs 

of up to 60°C. To reduce energy consumption, control strategies have been developed 
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and implemented to optimise the operating conditions of cooling systems while 

meeting service delivery requirements. 

However, existing control strategies are often static and fail to capitalise on the 

potential for additional energy savings based on the dynamic nature of the mine. The 

use of AI allows the opportunity to control these systems dynamically. 

To address this limitation, this study proposes an AI-based temperature forecasting 

model that will enable the development of a dynamic control strategy for deep-level 

mines. By predicting the temperature trends in the mine, the model can determine the 

daily operation of cooling systems, resulting in significant financial benefits. 
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Chapter 2: Development of method 
 

 

 

 

 

 

 

 

  

“Simplicity is the ultimate sophistication." 

– Leonardo da Vinci 
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2. DEVELOPMENT OF METHOD 

 

2.1. Introduction 

Chapter 1 provided the necessary background and literature review, identifying the 

research problem and need, as discussed in Section 1.7. The research objectives, 

specified in Section 1.8, informed the method described in this chapter, which 

comprises the following: 

• Step 1: System parameter identification 

• Step 2: Selection of an appropriate model for temperature forecasting 

• Step 3: Development and evaluation of the selected temperature forecasting 

model 

• Step 4: Dynamic control solution development 

• Step 5: Validation methodology 

Each step will be followed to ensure the successful implementation of the proposed 

methodology, designed to address the research objectives. The method of this study 

shall be developed from multiple cooling systems, namely, an open-loop two-stage 

cooling plant system and a semi-closed-closed loop cooling plant system. These 

systems are combined to depict the cooling systems typically found in deep-level 

mines [8], [28], [41]. Figure 28 shows a typical example of a multi-stage open-loop 

cooling system. 

 

Figure 28: Multi-stage open-loop cooling system [41] 
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An intermediate dam is used between two cooling circuits for two-stage cooling 

systems. The water from the pre-cooling circuit is directed to the first stage cooling 

circuit, initiating the primary heat extraction phase. 

Moreover, it is deposited in the intermediate dam and routed through the second-stage 

circuit for additional heat extraction. The water is then stored in the chill dam for 

underground operations. The water temperature increases after underground 

operations and is returned to the pre-cooling dam. 

Figure 29 indicates the system layout for a semi-closed loop cooling plant system. The 

water from the pre-cooling dam is sent through cooling plants, where heat extraction 

occurs and stored in a chilled dam. 

The water sourced the chill dam is utilised for BAC operations and additional 

underground cooling. The water from the BAC is stored in a BAC dam and then 

returned to the pre-cooling dam. Thus, the characterising the system as a semi-closed 

loop system. 

BAC

Pre cool dam

Hot dam

Flow from 
underground

Chill dam

Flow to 
underground

BAC return 
pumps

Evaporator 
pumps

Condenser 
pumps

Fridge plants

 

Figure 29: Gold mine cooling system (adapted from [91]) 
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Figure 30 shows the layout, which is derived from the preceding layouts. 

 

Figure 30: Multi-stage cooling system with optional supplementary cooling [41] 

Figure 30 describes a multi-stage cooling system with a supplementary cooling circuit. 

The supplementary cooling circuit provides water to the BACs but can send water to 

the chill dam if additional cooling is required. 

2.2. Step 1: System parameter identification 

Obtain cooling system 
information

Project parameters Project boundaries

 

Figure 31: Project scope (adapted from [34]) 

This section discusses an approach to fulfil research objective 1, detailed in Section 

1.7. 
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Research objective 1: Identify the system parameters closely related to the surface 

BACs. 

Before developing an AI model, the parameters and boundaries must be identified 

initially [34]. This is imperative to avoid scope creep and mitigate the complexity of the 

model [92]. The study's boundaries are kept to the optional cooling circuit, the BAC, a 

working area on one of the underground levels and the deepest station. The 

instrumentation collects all the data and is only available in these areas.  

After the boundaries have been determined, the parameters relevant to the surface 

and underground air temperatures must be identified. Suppose these parameters are 

not available or inaccurate. In that case, the model cannot predict the temperatures, 

thus not implementing a dynamic control solution on the surface of BAC plants and 

fans. 

The main control parameters are the surface and underground air temperatures. Other 

parameters include the surface ambient conditions, the BAC cooling plant power 

consumption, the surface BAC cooling plant, fan running statuses, the surface BAC 

inlet and outlet air temperatures, and any underground cooling auxiliaries which impact 

the underground air temperatures. Table 5 shows the parameters required for 

traditional control approaches and AI-inspired approaches.  

Table 5: Parameter requirements for mine cooling systems [20], [23], [41] 

Parameter Description 

Surface BAC plant refrigerant 

Surface BAC plant current meter 

Surface BAC plant voltage meter 

Surface BAC fan inlet air velocity 

Ambient barometric pressure 

Evaporator inlet water temperature 

Evaporator outlet water temperature 

Condenser inlet water temperature 

Condenser outlet water temperature 

BAC inlet water temperature 

BAC inlet dry bulb air temperature 
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Parameter Description 

BAC inlet wet bulb air temperature 

BAC outlet dry bulb air temperature 

Evaporator Inlet water flow rate 

Condenser inlet water flow rate 

BAC outlet water flow rate 

Number of surface BAC plants  

Number of evaporator pumps 

Number of condenser pumps 

Number of BAC return water pumps 

Motor and pump specifications for the return BAC pumps 

Motor and pump specifications for the evaporator pumps 

Motor and pump specifications for the condenser pumps 

Motor and pump specifications for the plant compressor 

Valve sizes and position 

Pipe Cladding 

Bends on the condenser and evaporator pumps 

Number of condenser towers 

Motor and pump specifications for the condenser fans 

Evaporator pump locations 

Condenser pump locations 

Surface BAC location 

Number of BAC fan units 

Specifications for the motors and pumps of the BAC fans 

Pipe dimensions for the evaporator circuit 

Pipe dimensions for the condenser circuit 

Pipe dimensions for the surface BAC 

Surface ventilation fan current meters 

Surface ventilation fan voltage meters 

Surface ventilation fan frequency meters 

Surface ambient airflow sensor 

Underground ambient airflow sensor 

Underground ambient dry bulb air temperature 

Underground ambient wet bulb air temperature 
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2.3. Step 2: Machine learning model selection 

As discussed in Section 1.4, ANNs, CNNs, and LSTM-RNN models were developed 

to forecast temperatures to implement dynamic control solutions for cooling systems 

in residential and office buildings. However, the LSTM-RNN is the most popular model 

[84-88]. Moreover, some studies indicate that the use of neural networks performed 

better for multiple input and output parameters compared to traditional forecasting 

methods, such as SARIMA, as discussed in Section 1.7.  

Bellagarda et al. [89] evaluated various temperature forecasting models for smart 

buildings and identified that the LSTM-RNN model was the most common approach.   

Badenhorst [30] mentioned that mine cooling systems are like office and residential 

HVAC systems and the control strategies implemented on these systems used 

temperature as the main parameter [88], [89]. Thus, it can be inferred that the best 

model for office and residential buildings would be the best for deep-level mine cooling 

systems. 

Thus, against this backdrop, the LSTM-RNN model shall be developed to forecast 

temperatures in the mining industry. 

2.4. Step 3: Machine learning model development 

This section shall discuss the method that will address research objective 2, detailed 

in Section 1.7. The LSTM-RNN model was determined as the model to be developed, 

as discussed in Section 2.3. Different models shall be developed that forecast towards 

different horizons, i.e., forecasting one day (48 timesteps) ahead. The models will be 

developed based on the following models: 

• Model A: trained to forecast 48 timesteps (30-minute intervals) ahead. 

• Model B: trained to forecast n timesteps (30-minute intervals) ahead of a 

MAPE 10% on the test set. 

• Model C: trained to forecast n timesteps (30-minute intervals) ahead, yielding 

a MAPE of 5% on the test set. 

• Model D: trained to forecast 1 timestep ahead. 
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Research objective 2: Determine, develop, and evaluate an appropriate temperature 

forecasting model. 

The following steps are used to develop the temperature forecasting model: 

• Step 3.1: Data acquisition [8], [34]; 

• Step 3.2: Data cleaning [34], [49], [55], [93], [94], [95], [96], [97]; 

• Step 3.3: Feature Selection [34]; 

• Step 3.4: Data pre-processing [34], [55], [98], [99]; 

• Step 3.5: Model development [34], [55], [58], [100]; 

• Step 3.6: Model evaluation [34], [84], [101], [41]. 

2.4.1. Step 3.1: Data acquisition 
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Figure 32: The SCADA and instrumentation communication link (adapted from [34]) 
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Figure 32 details the process flow diagram of the acquisition process in deep-level 

mines. Deep-level mines contain large, complex, energy-intensive, integrated cooling 

systems, thus generating substantial amounts of data [8].  

The data from these systems consistently generate data from sensors which measure 

the parameters mentioned in Table 5. The data from these parameters are transmitted 

to PLCs. 

The PLC acts as connection between the sensor data from the PLCs and SCADA. 

The SCADA also displays real-time data stored for a limited period. The data is then 

stored in the historian for longer periods. 

This data stored in the historian is used to develop the temperature forecasting model. 

This data is in its raw format. This data will need to be transformed to be suitable for 

the model. 

2.4.2. Step 3.2: Data cleaning 

As mentioned in the preceding section, the acquired raw data must be transformed 

into a suitable format. The first step is data cleaning [34]. 

Data cleaning identifies inaccuracies in the dataset [34], [49]. The inaccuracies can be 

dealt with by doing the following [55]: 

• Removing the inaccurate data point. 

• Removing the parameter that contains inaccuracies. 

• Replacing the inaccurate data with an arbitrary value. 

Inaccuracies in the dataset also include missing values of the dataset. This process is 

imputation if the third option is taken [55]. There are multiple methods for imputing 

missing values. The following imputation methods have been observed in previous 

machine learning-related studies [94], [95] : 

• Mean imputation. This involves replacing missing values with the mean value 

of the dataset. 

• Median imputation: replacing missing values with a median value of the dataset. 
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• Regression imputation: implementing regression to predict the data point based 

on the non-missing values. 

• KNN imputation uses the k closest data points, or neighbours to the missing 

data points, to determine the data point in question. 

The imputation methods mentioned only detail the most common imputation methods. 

Figure 33 shows other existing methods. 

Imputation methods

Statistical Approach Intelligent Approach Hybrid Approach

Multiple 
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Single 

Imputation

Bayesian 

Imputation

Expectation 

Maximisation 

Bootstrapping

Mean/Mode/

Median 

Imputation

Interpolation

Regression 

imputation

Fuzzy 

Learning

Machine 

Learning 

Based 

Imputation

Deep 

Learning 

Based 

Imputation

Classification 

based

Decision Tree

Random Forest

SVM

KNN

General 

Adversarial 

Network

Deep 

Autoencoders

CNNs

RNNs

Clustering 

based

K-means based

Subspace based

Self-organising 

Map
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Figure 33: Missing data imputation methods (Adapted from [93]) 

Table 6 details the advantages and disadvantages of the popular imputation methods 

[94], [95], [96]. 

Table 6: Advantages and disadvantages of popular imputation methods 

Method  Advantages Disadvantages 

Mean/Median Easy to interpret and 

implement. 

Poor performance and bias on high-

dimensional data sets containing large 

amounts of missing values.  
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Method  Advantages Disadvantages 

Regression  Performs well for 

multivariate data. 

It only performs well if the data set 

has a linear relationship.  

KNN Flexible, can be used for 

continuous and discrete 

data.  

High computational time due to 

working through the whole data set.  

Cooling systems in deep-level mines are non-linear, contain continuous and discrete 

data, and are high-dimensional due to the system complexity and the real-time data 

collection. Thus, KNN imputation is the most appropriate method for this data set. The 

imputation technique will be implemented on each parameter to mitigate the limitation 

of high computation [97]. 

2.4.3. Step 3.3: Feature selection 

After the data cleaning process on the raw data is completed, the feature selection 

process can be completed. This determines the most relevant parameters for 

forecasting the temperatures. Due to the application of the model, there is no process 

to determine the most relevant parameters [34]. 

The least amount of parameters closely related to the temperatures are initially 

selected, and additional parameters shall be included if the model's performance is 

insufficient [34], [49]. The feature selection process reduces the model training time 

and potentially improves the prediction performance. 

2.4.4. Step 3.4: Data pre-processing 

Now that the data has been cleaned and the most relevant features have been 

selected, the data needs to undergo further transformation, known as data pre-

processing [102]. 
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The further transformations include the implementation of a sliding window, data 

scaling and data portioning [34]. This will be done for the parameters selected in Step 

3.3, mentioned in Section 2.4.3. 

Sliding window implementation 

A sliding window needs to be implemented since time series forecasting using an 

LSTM-RNN model is being implemented [103]. The sliding window indicates how the 

model should learn to predict future output values [104]. This indicates the number of 

previous time values used to predict the next output time value, as seen in Figure 34. 

 

Figure 34: Example of a sliding window technique [103] 

Figure 34 indicates that five previous time values will predict the next three output 

values. The window “slides” to the next window to predict the next three output values. 

Data partitioning 

The data will now undergo data partitioning. Data partitioning splits the dataset into a 

training, validation, and test set [34]. The test set is used to train the model. The learn 

the features of the set to forecast the temperatures. The validation set evaluates the 

model's performance during the training phase. 

The model's performance on this set lets the model know whether the model is 

improving or not and prevents the model from overfitting. The test set evaluates the 

model's performance after training [105]. Moolayi [58] indicates that there is no 

mandatory split ratio. However, Joseph [105] observed that the most common split is 

80% for the training set, 10% for the validation and 10% for the test set. 
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Data scaling 

The data now needs to be scaled or normalised [34]. When the parameters have 

different scales, this negatively affects the performance of machine learning models 

[55]. 

Therefore, it is imperative to apply data scaling methods to ensure the data set is 

scaled. Multiple data scaling techniques result in different distributions or scales for 

the parameters in the data set. The most common techniques are min-max scaling, 

standardisation, and normalisation [55] [99]. 

Min-max scaling occurs when the parameter values are scaled between zero and one, 

where the minimum value is scaled to zero, the maximum value is scaled to one, and 

the rest of the data set is scaled to values between zero and one based on the distance 

from the maximum and minimum values [99]. Min-max scaling can be explained 

mathematically using the following equation [34] [99]: 

𝑥𝑖𝑠𝑐𝑎𝑙𝑒𝑑
 =  

𝑥𝑖 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
 (16) 

The standardisation method, also known as variance scaling, subtracts the mean 

value of the dataset from the parameter value and then divides the value by the 

variance [99]. This results in the values having zero mean. Equation 16 details the 

mathematical explanation of standardisation: 

𝑥𝑖𝑠𝑐𝑎𝑙𝑒𝑑
 =  

𝑥𝑖 − 𝑥𝑚𝑒𝑎𝑛

√𝑥𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒

 (17) 

Normalisation divides the parameter value by the Euclidean norm [99]. It is defined 

mathematically as: 

𝑥𝑖𝑠𝑐𝑎𝑙𝑒𝑑
 =  

𝑥𝑖

‖𝑥‖2
 (18) 
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The Euclidean norm determines the length of a vector in a coordinate space. The 

Euclidean norm takes the square root of the sum squared parameter values and is 

detailed as follows: 

‖𝑥‖2 = √∑ 𝑥𝑖
2

𝑚

𝑖=0
 

(19) 

Zheng et al. [99] mention that if the parameters differ drastically, it is recommended to 

implement the standardisation method. However, Géron [55] observed that neural 

networks expect the input parameters to have values ranging between 0 and 1; thus, 

min-max scaling is the most appropriate method to implement. 

2.4.5. Step 3.5: Model development 

As mentioned in Section 1.4, it has been observed that the use of LSTM-RNN is the 

most appropriate model for temperature forecasting. The LSTM-RNN model shall aim 

to predict the temperatures by identifying patterns from the parameters mentioned in 

Section 2.2. 

The first step in the development of the LSTM model is the selection of 

hyperparameters. These parameters determine the model’s learning process and 

structure, thus influencing the model’s performance in terms of accuracy [34] [58]. The 

parameters are initially chosen arbitrarily, and then the model's performance is 

evaluated. If the model accuracy requires improvement, the hyperparameter values 

may need to be adjusted. This process is known as hyperparameter tuning [55] [58]. 

The number of hidden layers and neurons per hidden layer, the activation function, the 

number of epochs, the batch size, and the learning rate are the primary 

hyperparameters for an LSTM-RNN model. 

Number of neurons 

The number of neurons in the first hidden layer is typically based on the number of 

input parameters. Moolayi [58] suggests that the number of neurons for the first hidden 
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layer is selected by choosing a multiple of eight closest to the number of input 

parameters. The number of neurons per layer should decrease with each layer [55]. 

Number of layers 

Increasing the number of layers improves the performance of the model. However, it 

may not be necessary for RNN models [100]. 

Géron [55] suggests that the number of layers can be increased gradually until the 

model starts to overfit the training set. 

Activation function 

The activation function is the function that is used to transform the neuron input [34]. 

Generally, the Rectified Linear Unit (ReLu) function will be appropriate for most cases. 

Experimenting with other activations is possible if the ReLu function does not yield 

sufficient results [58]. Table 7 indicates some available activation functions. 

Table 7: Tensorflow activation functions [100] 

Activation function Equation 

Tanh 𝑓(𝑥) =
𝑒𝑥 − 𝑒−𝑥

𝑒𝑥 + 𝑒−𝑥
 

ReLu 𝑓(𝑥) = {
𝑥;  𝑥 >  0
0;  𝑥 ≤  0

 

Elu 𝑓(𝑥) = {
𝑥;  𝑥 >  0

𝛼(𝑒𝑥 − 1); 𝑥 ≤ 0
 

SeLu 𝑓(𝑥) = 𝜆 {
𝑥;  𝑥 >  0

𝛼(𝑒𝑥 − 1);  𝑥 ≤ 0
 

ReLu6 
𝑓(𝑥) = {

6;  6 <  𝑥
𝑥;  0 <  𝑥 ≤  6

0;  𝑥 ≤  0
 

CreLu 𝑓(𝑥) = {
𝑚𝑎𝑥(0, 𝑥);  𝑥 >  0
𝑚𝑎𝑥(0, −𝑥);  𝑥 ≤ 0

 

Softmax 𝑓(𝑥𝑖) =
𝑒−𝑥𝑖

∑ 𝑒−𝑥𝑖
𝑖

 

Softsign 𝑓(𝑥) =
𝑥

1 + |𝑥|
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Activation function Equation 

Softplus 𝑓(𝑥) = ln(1 + 𝑒𝑥) 

Number of epochs 

The number of epochs is the number iterations that the model observes the training 

data [34]. The selection process follows the same principle as the selection process 

used to determine the number of hidden layers. Thus, there is a certain number of 

epochs where the model will start to overfit the training data. Callback functions are 

used to avoid overfitting the model. These functions are applied during the Early 

stopping, and model checkpoint methods are the popular call backs functions during 

the training phase of the model7. 

Batch size 

The batch size is the number of samples provided to the network per epoch. This 

eases the learning process for the model [58]. The selection process is based on the 

nature of the input parameters. 

Learning rate 

The learning rate determines the size of weight updates of each iteration in the training 

phase [34]. It is a positive value which ranges between 0 and 1. This hyperparameter 

determines the rate at which the model adapts to the modelling problem. During the 

training phase, the mode will converge too quickly, thus leading to a suboptimal 

solution [78]. Moolayi [58] observed that using a learning rate 0.001 is common for 

machine learning algorithms. 

After the model hyperparameters have been determined, the model can begin training. 

This is done by training the model with the training set, the validation set is used to 

determine the most appropriate model, and the test set evaluates the model's 

 

7 “Callbacks API”, Keras, [Online], Available: https://keras.io/api/callbacks/, [Accessed: 23-Jul-2023] 

https://keras.io/api/callbacks/
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performance [106]. The performance of the model shall be discussed in the 

subsequent section. 

The solutions mentioned generally work for determining the hyperparameters, but this 

is usually based on a trial-and-error basis, which can become time-consuming if the 

incorrect hyperparameters are selected; this process is known as a manual search 

[34]. Other approaches are the grid search and random search [58]. 

The grid search method evaluates the model's performance for all combinations for a 

defined set of parameters. This approach will determine the hyperparameters that will 

provide the best-performing model for the defined set of hyperparameters. However, 

if the incorrect hyperparameters are not selected, the best model may not be observed 

[55]. 

The random search follows the same methodology as the grid search, but the 

hyperparameters are chosen randomly from a distribution. A larger range of values 

can be selected for each hyperparameter, increasing the possibility of obtaining a 

better-performing model [58]. The random search method will determine the 

hyperparameters for the LSTM-RNN model’s architecture. 

2.4.6. Step 3.6: Model evaluation 

After the model's training is complete, the model needs to be evaluated. The model's 

performance is based on its ability to predict surface and underground air 

temperatures. The model performance should show sufficient results to be used for 

implementation. 

The most common metrics used to evaluate the performance of LSTM-RNN are the 

coefficient of variation for the root mean square error (CV(RMSE), the root mean 

squared error (RMSE), the MSE as mentioned in Section 1.4.2, and the mean absolute 

percentage error (MAPE) [34] [84] [101]. 

CV(RMSE) quantifies the error size relative to the mean of the observations. A low CV 

(RMSE) score indicates a low error range; thus, the performance would be sufficient 

[101]. The ASHRAE Guideline 14 considers a value less than 5% for half-hourly data 
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acceptable for model performance [107]. RMSE determines the difference between 

the predicted and actual values [34]. 

The RMSE of the training and test set shall be compared to determine whether the 

model is overfitting. MAPE is the mean value of the sum of absolute differences 

between the predicted and actual values [101]. A value that converges to zero is the 

most desirable. However, a maximum of 10% is sufficient according to the literature 

[49], [34], [41]. The evaluation metrics are defined as follows: 

CV(𝑅𝑀𝑆𝐸)% = √
1
𝑁

∑ (𝑦𝑖 − 𝑦𝑖̂)2𝑁
𝑖=1

𝑦̅
×  100 

(20) 

𝑅𝑀𝑆𝐸 = √
∑ (𝑦𝑖 − 𝑦𝑖̂)2𝑁

𝑖=1

𝑁
 

(21) 

𝑀𝐴𝑃𝐸 = √
∑ |𝑦𝑖 − 𝑦𝑖̂|

𝑁
𝑖=1

𝑛
 ×  100 

(22) 

Where: 

• 𝑦𝑖 is the actual value. 

• 𝑦𝑖̂ is the predicted value. 

• 𝑦̅ is the mean value of the actual values. 

The model can be implemented using the evaluation metrics when sufficient 

performance has been accomplished. The performance of the LSTM-RNN model 

tends to deteriorate based on the number of timesteps that are forecasted [87] [89] 

[101]. The following models will be used to develop different dynamic solutions: 

• Model A: trained to forecast 48 timesteps (30-minute intervals) ahead. 

• Model B: trained to forecast 24 timesteps (30-minute intervals) ahead. 
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• Model C: trained to forecast n timesteps (30-minute intervals) ahead, yielding 

a MAPE of 10% on the test set. 

• Model D: trained to forecast n timesteps (30-minute intervals) ahead, yielding 

a MAPE of 5% on the test set. 

• Model E: trained to forecast 1 timestep ahead. 

Although the model's performance deteriorates as the number of timesteps forecasted 

increases, providing the control solution to the mine well ahead of time would be more 

beneficial. This will allow the mine to implement the suggested solution adequately.  

This is imperative, mainly if the mine lacks the infrastructure to implement a control 

strategy on the cooling system quickly. Therefore, the different models will be used to 

develop different control strategies whereby the most appropriate solution of the case 

study mine shall be selected. 

2.5.  Dynamic control solution 

After completing the training and evaluation phases, the model is ready to be 

implemented for the dynamic control strategy. The objective of the model is to make 

future predictions based on real-time data. The real-time data needs to undergo data 

pre-processing so that the data is a suitable format for the model. For instance, outliers 

must be removed and scaled based on the methods used in the preceding section. 

Periodic updates to the solution and model may be required if significant changes are 

made to the mine or if the performance of the predictions deteriorates. For instance, 

one of the ventilation fans is not operational. 

This will require retraining the model using the same training procedure discussed in 

Section 0. This section will discuss the development of a dynamic control solution 

based on the underground temperature forecasting model. The reason for this 

approach is to identify potential periods of the day where the surface BAC plants and 

fans may not need to be operational. 

The temperature forecasting model will determine the operating conditions of the 

surface BAC plants and fans. After gathering the data relevant to predicting the surface 



Chapter 2 | Development of method 

 

61 

and underground air temperatures, the data must be manipulated into a suitable 

format for the model. The model shall forecast the temperatures and determine the 

desired operation of the surface BAC plants and fans. 

Figure 35 details the basic functioning of the dynamic control system. Three solutions 

will be presented as possible to apply to the case study. The following solutions shall 

be presented as possible solutions based on the developed and evaluated models 

mentioned in Section 2.4.6: 

• Solution A: based on model A. 

• Solution B: based on model B. 

• Solution C: based on model C. 

• Solution D: based on model D. 

• Solution E: based on model E. 

Start

Gather real-time 

data

Forecast 

temperatures

Obtain optimal 

running conditions 

for the surface BAC 

plants and fans

Suggested control 

solution
 

Figure 35: Overview of the dynamic control solution 

Each solution shall follow the same procedure, as shown in Figure 35. Data is gathered 

from SCADA. Data is then manipulated into the same format as the data used to train 

and evaluate the temperature forecasting model. The temperatures will be forecasted 
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n timesteps ahead based on the chosen model discussed in Section 2.4.6, where 

multiple iterations of the running conditions of the input parameters will be evaluated 

to determine the optimal running conditions of the surface BAC plants and fans. The 

optimal operation of the forecasted period will be used as the control solution. 

According to the literature, static, seasonal control strategies have been implemented 

on surface BAC plants and fans [4] [41]; however, potential savings are missed during 

the transitional seasonal periods of the year. 

A dynamic approach must be developed to improve the control strategy. The following 

specifications are derived to address this section of the methodology: 

• Specification 1: Data gathering. 

• Specification 2: AI-based forecasting. 

• Specification 3: Operation suggestion. 

The background details about each specification shall be discussed in this section. 

Some of the processes within the specifications were discussed in Section 0. 

Figure 36 shows the detailed process of the dynamic control solution development. 

Moreover, the specification will be discussed as subsections with the assistance of the 

figure. 

2.5.1. Specification 1: Data gathering. 

The data is gathered from the historian database of the mine’s SCADA system using 

the same procedure in Step 1 from Section 2.2 and Step 3.1 from Section 2.4.1. The 

data required to forecast the temperatures is extracted in half-hourly periods. Only the 

necessary parameters will be extracted using Step 3.3 from Section 2.4.3. The data 

will then be cleaned and pre-processed using Step 3.2 from Section 2.4.2 and Step 

3.4 from Section 2.4.4. This data will be stored if any historical analysis is required. 

 

 



Chapter 2 | Development of method 

 

63 

2.5.2. Specification 2: AI-based forecasting 

Once the data is in the forecasting model’s preferred format, the temperatures are 

ready to be forecasted. The temperatures will then be forecasted and evaluated 

against a temperature target using Step 3.5 from Section 2.4.5 and Step 3.6 from 

Section 2.4.6. The surface air wet bulb temperature target 7°C, determined by 

Lodewyk [41], where the surface BAC equipment can be switched off based on that 

target temperature. The target for the 7 level air wet bulb underground temperatures 

is 32°C, based on the MHSA of SA’s underground temperature requirements. 

Suppose the forecasted temperatures are below the temperature target for the whole 

day. In that case, the control strategy for the forecasted period will indicate that the 

BAC plants and fans will be off for that period. 

2.5.3. Specification 3: Operation suggestion 

As seen in Figure 36, when the forecasted temperatures do not reach the temperature 

requirements, the development process will progress to additional steps to determine 

the optimal running conditions for the surface BAC plants and fans for the forecasted 

period. The process is derived from Mathee [34] and Lodewyk [41]. The strategy 

process is detailed in Figure 36. 
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Figure 36: Proposed dynamic control strategy methodology 

2.6. Step 4: Validation methodology 

The development of the control solution method required numerous aspects. This is 

to ease the process of developing a solution which addresses the study's research 

objectives, mentioned in Sections 1.7 and 2.1, respectively. 

Research objective 1 identifies and determines the mine cooling system parameters 

relevant to the surface BAC plants and fans. The method to address this objective is 
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demonstrated in Section 2.2. Research objective 2 is to identify, develop and evaluate 

the feasibility of implementing an appropriate model to forecast the surface and 

underground air temperatures. The LSTM-RNN model was chosen and developed. 

The application the method in Section 0 addresses the objective. Research objective 

3 is to develop a dynamic control solution for the surface BAC cooling plants and the 

BAC. Section 2.5 discusses the method applied to fulfil this objective. 

Specifications were determined in Section 2.5 to ensure that the control solution is 

suitable for the study. The following specifications were determined: 

• Specification 1: Data gathering. 

• Specification 2: AI-based forecasting. 

• Specification 3: Operation suggestion. 

Once all specifications have been addressed, it can be confirmed that the developed 

solution is suitable to address the need for the study. Adjustments to the solution may 

be altered if the study objectives have not been addressed adequately. 

The solution developed will suggest the operating conditions of the mine’s cooling 

system. The suggested strategy shall be compared with the actual operating 

conditions to indicate the possible cost savings achieved if the solution is 

implemented. 

2.7. Conclusion 

The methodology applied to address the studies’ research objectives was discussed 

in this chapter. The methods were derived from previous literature where the methods 

investigated were implemented successfully. 

The first research objective was to identify the system parameters. The approach to 

fulfil this objective was detailed in Section 2.2. The method was derived from studies 

focusing on deep-level mine cooling systems. This method identified the project 

boundaries and parameters required to develop an underground temperature 

forecasting model. 
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The second research objective involved the development and evaluation of an 

appropriate model to forecast the surface and underground air temperatures. The 

process involves data acquisition, pre-processing, model development, and 

evaluation. These are the generic steps required for most machine learning and deep 

learning models. It was determined that the LSTM-RNN is the most suitable model 

based on the literature and the nature of the data obtained from the relevant system 

parameters. 

The model was evaluated using statistical metrics. This is to ensure that the model 

can forecast the surface and underground air temperatures adequately. The 

CV(RMSE) indicates the error range or variability. The RMSE indicates the difference 

between the actual and forecasted temperatures. The MSE is typically used to indicate 

the error during the development of the model. The MAPE is another error metric used 

for the model evaluation. Based on the literature, the model should achieve a value of 

less than 10% for the MAPE. 

During the development of the model, if it does not yield acceptable results based on 

the model's initial structure, the random search algorithm implementation shall be used 

to improve the model's performance. 

The third research objective was to develop a dynamic control solution on the surface 

BACs based on the temperature forecasting model developed from the second 

research objective. Data gathering, periodic temperature forecasting and periodic 

operation suggestions were followed to develop the control solution. The operation 

suggestion uses temperature targets to determine the most suitable running 

operations of the Surface BACs. 

Lastly, the validation methodology was discussed. This detailed the key points of how 

each research objective was addressed. After validating the research objectives, the 

suggested operating conditions are compared to the actual operations, indicating the 

possible cost savings that can be achieved if the solution is implemented. 
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“A good traveller has no fixed plans and is not intent on arriving.” 

– Lao Tzu 
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3. IMPLEMENTATION AND RESULTS 

 

3.1. Introduction 

3.1.1. Preamble 

This chapter aims to detail and evaluate the results of the proposed dynamic control 

solution of mine cooling systems in deep-level mines. Moreover, the results obtained 

from a case study are based on the methodology discussed in Chapter 2. The results 

indicate that the proposed solution addresses the need for the study (Section 1.6) and 

the research objectives (Section 1.7). The research objectives are verified. A 

comparison of the actual operation of the mine’s cooling system and the proposed 

solution was used to validate the proposed solution. 

3.1.2. Case study background information 

The section covers the first research goal, as outlined in Section 1.7. 

Research objective 1: Identify the parameters of the system that are closely related 

to the surface BACs. 

The approach detailed in Section 2.2 was employed to address this objective, 

identifying the system’s boundaries and parameters related to the surface BAC plants 

and fans. 

The first step is to determine the cases as discussed in Section 1.9. This focuses on 

one mine case study. The dynamic control solution is specific to the case study mine. 

Moreover, all the research objectives are addressed using this single case study. 

Finally, this case study mine has sufficient data availability for developing the 

temperature forecasting model. 

Mine A is the case study deep-level mine where the proposed solution is developed, 

situated in South Africa. The deepest working level reaches a depth of 3 700m. 

Complex integrated cooling systems are present for such mines that reach these 

depths due to the high VRTs. Figure 37 details a basic level arrangement of Mine A. 
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Figure 37: Mine A-level arrangement 

Mine A contains a total of 15 working levels, which include two half-levels. It contains 

surface and underground cooling systems on levels 4.5, 7, 9, and 11. The water 

temperature is reduced by the surface cooling system and transported underground 

for mining and cooling. 

The water undergoes further cooling underground before being sent to the deeper 

working levels due to the high VRTs at those depths. Smaller cooling systems such 

as BACs, ACUs and cooling cars are used deeper to reduce the working areas' 

temperatures. 
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This study focuses on developing a dynamic control solution on a section of the 

surface cooling system of Mine A. A general layout of the surface cooling system can 

be observed in Figure 38. 

 

Figure 38: Mine A cooling system layout 

The surface cooling system consists of three first stage fridge plants (FPs), two 

second-stage ammonia plants (APs) and optional cooling plants, BAC ammonia plants 

(BAC APs), as illustrated in Figure 38.  

Hot water is transported from underground to the pre-cooling dam via pumping. 

Subsequently, the water is directed through pre-cooling towers, where the water is 

pre-cooled before being sent to FPs for further cooling. The water is transported to the 

intermediate dam and then to the APs for additional cooling. The BAC APs draw water 

from the intermediate dam to facilitate water temperature reduction. The water from 

the BAC APs is returned to the intermediate dam and the BAC. Mine A’s cooling 

system consists of eight cooling plants: a pre-cooling dam, an intermediate dam, a 

chill dam, and a BAC. The BAC APs can send water to the intermediate or chill dam. 

The study will only focus on the BAC APs and the BAC. 
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3.1.3. System parameter identification 

The BAC APs and the BAC are the focus of the study. Thus, the parameters related 

to the mine cooling system components are only considered. Table 8 indicates the 

required parameters to develop an AI model. The required parameters were compared 

to those required using a traditional simulation method. 

Table 8: Parameter requirements of Mine A's cooling system 

Parameter Description Traditional 

Method 

AI-based 

Method 

Surface BAC AP refrigerant ✓ 

 

Surface BAC AP current meter ✓ 

 

Surface BAC AP voltage meter ✓ 

 

Surface BAC AP energy consumption   

Surface BAC fan inlet air velocity ✓ 

 

Surface ambient dry bulb air temperature  ✓ 

Surface ambient wet bulb air temperature  ✓ 

Surface Ambient barometric pressure ✓ 

 

Surface BAC AP evaporator inlet water 

temperature 

✓ ✓ 

Surface BAC AP evaporator outlet water 

temperature 

✓ ✓ 

Surface BAC AP condenser inlet water 

temperature 

✓ ✓ 

Surface BAC AP condenser outlet water 

temperature 

✓ ✓ 
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Parameter Description Traditional 

Method 

AI-based 

method 

Surface BAC fan inlet water temperature ✓ 

 

Surface BAC fan inlet dry bulb air temperature ✓ 

 

Surface BAC fan inlet wet bulb air temperature ✓ 

 

Surface BAC fan outlet dry bulb air temperature ✓ ✓ 

Surface BAC AP evaporator Inlet water flow rate ✓ 

 

Surface BAC AP condenser inlet water flow rate ✓ 

 

Surface BAC AP running status  ✓ 

Surface BAC fan outlet water flow rate ✓ ✓ 

Number of surface BAC plants  ✓ ✓ 

Quantity of evaporator pumps ✓ 

 

Quantity of condenser pumps ✓ 

 

Number of BAC return water pumps ✓ 

 

Motor and pump specifications for the return BAC 

pumps 

✓ 

 

Motor and pump specifications for the evaporator 

pumps 

✓ 

 

Motor and pump specifications for the condenser 

pumps 

✓ 

 

Motor and pump specifications for the plant 

compressor 

✓ 
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Parameter Description Traditional 

Method 

AI-based 

method 

Valve sizes and position ✓ 

 

Pipe Cladding ✓ 

 

Bends on the condenser and evaporator pumps ✓ 

 

Number of condenser towers ✓ 

 

Motor and pump specifications for the condenser 

fans 

✓ 

 

Evaporator pump locations ✓ 

 

Condenser pump locations ✓ 

 

Surface BAC location ✓ 

 

Surface BAC fan running status  ✓ 

Number of BAC fan units ✓ ✓ 

Specifications for the motors and pumps of the 

BAC fans 

✓ 

 

Pipe dimensions for the evaporator circuit ✓ 

 

Pipe dimensions for the condenser circuit ✓ 

 

Pipe dimensions for the surface BAC ✓ 

 

Surface ventilation fan current meters ✓ 

 

Surface ventilation fan voltage meters ✓ 

 

Surface ventilation fan frequency meters ✓ 

 



Chapter 3 | Implementation and results 

 

74 

Parameter Description Traditional 

Method 

AI-based 

method 

Surface ambient airflow sensor ✓ 

 

Surface ventilation fan running status  ✓ 

Underground ambient airflow sensor ✓ 

 

Underground ambient dry bulb air temperature ✓ ✓ 

Underground ambient wet bulb air temperature ✓ ✓ 

 The following parameters were considered: 

• Surface ambient dry bulb air temperature (°C) 

• Surface ambient wet bulb air temperature (°C) 

• BAC AP evaporator inlet water temperature (°C) 

• BAC AP evaporator outlet water temperature (°C) 

• BAC AP condenser inlet water temperature (°C) 

• BAC AP condenser outlet water temperature (°C) 

• BAC AP evaporator outlet water flow (L/s) 

• Surface BAC outlet dry bulb air temperature (°C) 

• BAC AP running status (0/1) 

• Surface BAC fan running status (0/1) 

• BAC AP energy consumption (kWh) 

• Surface ventilation fan running status (0/1) 

• Surface ventilation fan frequency (Hz) 

• Underground dry bulb air temperature (°C) 

• Underground wet bulb air temperature (°C) 

The parameters for the AI model were identified through a thorough investigation of 

the SCADA system for Mine A’s cooling system. The traditional method parameters 

were identified from Lodewyk [41], which was applied to the cooling system of the 
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same case study mine, where the parameters are measured using sensors, and these 

measurements are stored as data in the historian, as discussed in Section 2.4.1. 

It can be observed that the AI model will require fewer parameters to develop a model 

than the traditional model. It is important to note that the parameters required for the 

AI model may be increased or decreased based on the evaluation of the model during 

the training phase. Thus, this section confirms the fulfilment of research objective 1. 

3.2. Case study machine learning model development 

3.2.1. Preamble 

This section is related to the second goal, outlined in Section 1.7. 

Research objective 2: Determine, develop, and evaluate an appropriate temperature 

forecasting model. 

The method detailed in Section 2.3 and 0 was implemented to address this objective, 

to develop and evaluate LSTM-RNN models to forecast the surface and underground 

air temperatures. The following LSTM-RNN models shall be developed and evaluated: 

• Model A: trained to forecast 48 timesteps (30-minute intervals) ahead. 

• Model B: trained to forecast 24 timesteps (30-minute intervals) ahead. 

• Model C: trained to forecast n timesteps (30-minute intervals) ahead, yielding 

a MAPE of 10% for all outputs on the test set. 

• Model D: trained to forecast n timesteps (30-minute intervals) ahead, yielding 

a MAPE of 5% for all outputs on the test set. 

• Model E: trained to forecast 1 timestep (30 minutes) ahead. 

3.2.2. Step 3.1: Data acquisition 

This data from the parameters identified in Section 3.1.3 will be used to develop the 

temperature forecasting model. An existing SCADA and historian are available at Mine 

A. The data was extracted from the historian in 30-minute intervals. This was done by 

obtaining the credentials for the historian database. The data is extracted using SQL 
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query. Figure 39 details the representation of the SQL query used to extract data from 

the historian database. 

 

Figure 39: SQL query to extract data from Mine A's historian. 

As observed in Figure 39, the “TagName”, “DateTime”, and “Value” columns were 

selected from the “History” table in the historian database. 

Each parameter is represented as a tag in the database. Each parameter is extracted 

by using line 3 in the figure above. Other specified parameters were the date interval, 

retrieval mode and data resolution. The retrieval mode specifies the type of 

aggregation. In this case, the “Average” aggregation is selected. The data from the 

SCADA is stored in second increments. This allows for real-time control of systems 

using the SCADA, as seen in Figure 32.  

The model will require the data to be in 30-minute intervals; therefore, the data needs 

to be aggregated. The average of the data points within the 30-minute intervals was 

extracted for each parameter. The resolution indicates the time intervals between each 

data point.  

The database reads this in the microseconds unit; thus, the 30-minute interval is 

converted to 1 800 000 microseconds. This is done for all parameters iteratively. Once 

the data is extracted, it is saved in a CSV file. 
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3.2.3. Step 3.2: Data cleaning 

The data pre-processing step was done using Python8. The Pandas9, NumPy10, and 

Scikit-Learn 11 libraries were specifically used. The data stored in a CSV file is in its 

raw format and needs to be transformed into a suitable format for the development of 

the model.  

The data was observed in a graphical format of scatter and time series plots. The 

scatter plot was used to identify outliers for each parameter. The outliers were 

identified by observing the parameter’s normal operating ranges. The outliers found in 

the scatter plot are removed from the parameter dataset. Figure 40 indicates a scatter 

plot for the BAC outlet air temperature. 

 

Figure 40: BAC Outlet Air Temperature - Raw data 

From Figure 40, the scatter plot details how the outliers can be observed for the BAC 

outlet. The standard operating range for this parameter from 0°C to 30°C. This range 

is due to the operating conditions of the BAC, the operating conditions of the BAC 

 
8 Python, [Online], Available: https://www.python.org/, [Accessed: 29-Aug-2023]  
9 Pandas, [Online], Available: https://pandas.pydata.org/, [Accessed: 29-Aug-2023] 
10 NumPy, [Online], Available: https://numpy.org/, [Accessed: 29-Aug-2023] 
11 “scikit-learn, Machine Learning in Python”, Scikit-learn, [Online], Available: https://scikit-learn.org/stable/, [Accessed: 29-Aug-
2023] 

https://www.python.org/
https://pandas.pydata.org/
https://numpy.org/
https://scikit-learn.org/stable/
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plants and ambient conditions. The outliers are the data points that are not within the 

operating range and are removed from the dataset, as seen in Figure 41 

 

Figure 41: BAC Outlet Air Temperature - After removal of outliers 

The next part deals with parameters that contain missing data. Time series plots 

identify whether a parameter contains missing data points in the data set. This is 

observed in Figure 42 

 

Figure 42: Ventilation Fan 2 Running Status - Raw Data 

Figure 42 indicates that missing values are present for the running status of surface 

ventilation fan 2. The missing data is usually due to a communication error between 

the instrumentation and the SCADA. As mentioned in Section 2.4.2, imputation will 
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replace the missing values in the data set. KNN imputation method was chosen as the 

imputation method. The five nearest neighbours were used to determine the value that 

replaces the missing data point. The number of neighbours can be adjusted if the 

model's performance is insufficient. The figure below details ventilation fan 2’s data 

after imputation has been implemented. 

 

Figure 43: Ventilation Fan 2 Running Status - After imputation. 

Due to the large number of data points for each parameter, there is some difficulty 

visually observing whether missing data is present. The Pandas library allows 

functions to determine if there are missing data points in the data set. Figure 44 shows 

a code snippet detailing how to check for missing data. The function results in a true 

value if none of the parameters contains missing values and false otherwise. Figure 

45 details that all parameters have false values. Therefore, all missing data points 

have been removed from the data set. 

 

Figure 44: Code snippet to check for missing data in the dataset. 
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Figure 45: Code snippet output when checking for missing values. 

3.2.4. Step 3.3: Feature selection 

Feature selection can be applied once all the data is cleaned, as discussed in Section 

2.4.3. The following parameters were determined as input parameters for the 

development of the model: 

• Surface ambient wet bulb air temperature (°C) 

• Surface ambient dry bulb air temperature (°C) 

• Day of the month 

• Hour of the day 

• Month of the year 

• 7 Level air wet bulb temperature (°C) 

• 7 Level air dry bulb temperature (°C) 

A total of 7 individuals of the selected features are deemed sufficient to forecast the 

temperatures, specifically on the surface and 7 levels. Additional features discussed 

in Section 3.1.3 can be potentially added to the selection if the model is inaccurate. 
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Data scaling shall only be implemented on the features that were selected. This will 

reduce the implementation time of the succeeding step. 

3.2.5. Step 3.4: Data pre-processing 

After cleaning the data and selecting the desired features, the data needs to be 

transformed into a format suitable for the model's training. As discussed in Section 

2.4.4, The data pre-processing method was done for the following models: 

• Model A: trained to forecast 48 timesteps (30-minute intervals) ahead. 

• Model B: trained to forecast 24 timesteps (30-minute intervals) ahead. 

• Model C: trained to forecast n timesteps (30-minute intervals) ahead, yielding 

a MAPE of 10% on the test set for all temperatures. 

• Model D: trained to forecast n timesteps (30-minute intervals) ahead, yielding 

a MAPE of 5% on the test set for all temperatures. 

• Model E: trained to forecast 1 timestep (30 minutes) ahead. 

Sliding window implementation 

The first step was to transform the data into sliding windows. This indicates how the 

models will learn how to predict the future timesteps. The following sliding windows 

were implemented for each model: 

• Model A: previous timesteps = 48; future outputs = 48 timesteps 

• Model B: previous timesteps = 24; future outputs = 24 timesteps 

• Model C: previous timesteps = 4; future outputs = 4 timesteps 

• Model D: previous timesteps = 2; future outputs = 2 timesteps 

• Model E: previous timestep = 1; future output = 1 timestep 

Data partitioning 

The data is now ready to undergo data partitioning. The data was then split into 

training, validation, and test sets. Of the data, 80% is the training set, 5% is the 

validation set, and 15% is the test set. This was done for all the models where the 

sliding window was implemented. 
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Data scaling 

The data is now ready to be scaled using the min-max scaling method. This is done 

by implementing Equation 15. Figure 46 shows the unscaled data for the ambient dry 

bulb temperatures. 

 

Figure 46: Ambient dry bulb air temperature 

Figure 47 indicates that the data from Figure 46 is scaled to depict values between 0 

and 1. This was done to ensure that the parameters are suitable for model training; as 

mentioned in Section 2.4.4, parameters containing larger scales than the rest make it 

difficult for the neural networks to determine relationships between the inputs to 

forecast the outputs. Figure 47 details scaled ambient dry bulb air temperatures. 

 

Figure 47: Ambient dry bulb Air Temperature – scaled. 
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3.2.6. Step 3.5: Model development 

The model can be developed now that all the data is in its desired format. The first 

step is determining the model's hyperparameters, as discussed in Section 2.4.5. The 

hyperparameters deemed important for the model structure were the number of hidden 

layers and neurons per hidden layer, the activation function, the number of epochs, 

the batch size, and the learning rate. 

The number of neurons in the first hidden layer is typically based on the number of 

input parameters. As discussed in Section 3.2.4, 7 input parameters were selected. If 

the number of input parameters was multiplied by 2, then the following equation is 

used to determine the number of neurons in the first hidden layer: 

𝓍 =  log2(14) (27) 

Where 𝓍 lies between 3 and 4, the upper bound of 4 is selected, as discussed in 

Section 2.4.5. Therefore, 32 neurons were selected for the first hidden layer and were 

calculated using Equation 27. 

This structure was arbitrarily chosen for the initial structure of the model, as discussed 

in Section 2.4.5. The output layer is a linear function. This indicates to the model that 

continuous time series data is forecasted. 

The initial structure of the model was determined for the model; then, the model 

performance was evaluated. The random search hyperparameter tuning method will 

be implemented to determine the model structure, yielding acceptable results. The 

concluding hyperparameters determined for all the models are as follows: 

• Hidden layer activation function: LSTM (hidden 1) 

• Output layer activation function: Linear 

• Number of neurons: 7 (input layer), 32 (hidden layer) and 4 (output layer) 

• Number of epochs: 300 

• Callback function: Model checkpoint (save best performance) 

• Batch size: 32 

• Learning rate: 0.0001 
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Training of the model can commence once the hyperparameters have been 

determined. The model was trained using the data set's training and validation split. 

The model accuracy was confirmed using the test split data set was used to verify the 

model's accuracy. Figure 48 indicates the improvement in model loss throughout the 

training phase for model A. 

 

Figure 48: Model A mean square error during the training phase. 

Figure 48 shows the MSE loss through each epoch of training. This indicates that the 

model improves in identifying input parameter patterns and predicting the training and 

validation set temperatures. The validation set has a smaller MSE than the training 

set. This indicates that the model was able to predict well with unseen data. The model 

checkpoint was used to discard the training after the best validation MSE was 

obtained. After training, the model must be evaluated throughout the training and 

validation set. This is done by evaluating both sets' CV(RMSE), RMSE and MAPE. 

As discussed in Section 3.2.5, the following models were developed: 

• Model A: Used the previous 48 timesteps (1 day) to forecast 48 timesteps (1 

day) ahead. 

• Model B: Used the previous 24 timesteps (12 hours) to forecast 24 timesteps 

(12 hours) ahead. 

• Model C: Used the previous 4 timesteps (2 hours) to forecast 4 timesteps (2 

hours) ahead. 
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• Model D: Used the previous 2 timesteps (1 hour) to forecast 2 timesteps (1 

hour) ahead. 

• Model E: Used the previous 1 timestep (30 minutes) to forecast 1 timestep (30 

minutes) ahead. 

Figure 49 indicates the CV(RMSE) values, Figure 50 indicates the RMSE values, and 

Figure 51 indicates the MAPE values for the training and validation split datasets after 

the training is complete for the developed models. This indicates the training 

performance for each model. 

 

Figure 49: CV(RMSE) values for the training and validation sets 

 

Figure 50: RMSE values for the training and validation sets 
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Figure 51: MAPE values for the training and validation sets 

As observed in Figure 49, Figure 50, and Figure 51, the CV(RMSE), RMSE, and MAPE 

values are the highest for model A, with CV(RMSE) values of 6.23% and 4.78%, 

RMSE values of 1.43°C and 1.18°C, and MAPE values of 5.78% and 4% for the 

training and validation set. The lowest values are observed for model E, which are 

1.92% and 1.38% for the CV(RMSE), 0.40°C and 0.34°C for the RMSE, and 1.38% 

and 1.2% for the MAPE. This indicates that the model’s ability to learn how to predict 

temperatures improves as the forecasting horizon decreases, with a forecasting 

horizon of 48 timesteps (1 day) for model A and one timestep (30 minutes) for model 

E. 

Moreover, the figures above show that the values for the validation set are lower than 

those for the training set for all models. This indicates that the models can predict well 

on unseen data. Finally, a greater variation between the training and validation set 

values is observed for the models with the greatest forecasting horizon. This indicates 

that the models slightly overfit the predictions, thus generalising the predictions for 

greater forecasting horizons. Although this is a good indication of the performance of 

the models, the true performance of the models needs to be evaluated using the test 

set. The test set was not involved during the training phase. Thus, the evaluation with 

this set eliminates bias in the results. 
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3.2.7. Step 3.6: Model evaluation 

Although the validation set can indicate the model performance on unseen data, the 

validation set is small compared to the training and test sets. Moreover, the validation 

set is used during the training phase of the model. Thus, it is not a true reflection of 

the model’s performance. The evaluation metrics of the test set validate the accuracy 

of the model. The following figures compare the test set model’s predicted values of 

the underground wet bulb temperatures for each developed model. This shows the 

model’s ability to predict the temperatures based on unseen data. The set contains 4 

602 data points, equivalent to approximately three months. 

 

Figure 52: Model A 7-level air wet bulb temperature predictions on test set. 

Figure 52 compares model A's predicted and 7 level air wet bulb temperatures. 

CV(RMSE) of 4.19%, a RMSE of 1.57°C and a MAPE of 4.02% was obtained. The 

CV(RMSE) is above the recommended 5% threshold, as mentioned in Section 2.4.6. 

However, the MAPE is below the 10% threshold. 

The RMSE value of the 7 level air wet bulb temperature for the training set was 0.78°C 

and 1.57°C for the test set, leading to a difference of 0.79°C. This indicates that the 

model does not overfit the data, thus not generalising for predictions. 
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Figure 53: Model E 7 level air wet bulb temperature predictions on the test set 

Figure 53 compares model E's predicted and actual 7 level wet bulb temperatures. 

Model E yielded a CV(RMSE) of 1.55%, an RMSE of 0.37°C and a MAPE of 1.01%. 

The CV(RMSE) is below the recommended 5% threshold, and the MAPE is below the 

10% threshold. 

The RMSE value of the 7 level wet bulb temperature for the training set was 0.27°C 

and 0.37°C for the test set, leading to a difference of 0.1°C. This indicates that the 

model does not overfit the data. Moreover, smaller errors are observed in model E 

compared to model A. Therefore, it is more difficult to forecast the temperature over a 

greater horizon. 

This is more apparent when there are irregular data points in the set since the models 

with larger forecasting horizons may not use an irregular data point to determine the 

forecasted outcome. All outputs of the model need to be evaluated to determine each 

model’s performance. 
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Figure 54: CV(RMSE) values for the test set 

Figure 54 indicates the CV(RMSE) values for the test set for each model. It can be 

observed that the CV(RMSE) decreases as the forecasting horizon decreases, where 

model A has a forecasting horizon of 1 day and model E has a forecasting horizon of 

30 minutes. The +-5% threshold is reached for the following models: 

• Model A 

o 7 level air wet bulb temperature (3.79%) 

o 7 level air dry bulb temperature (5.78%) 

• Model B 

o 7 level air wet bulb temperature (3.37%) 

o 7 level air dry bulb temperature (3.17%) 

• Model C 

o Surface air wet bulb temperature (3.47%) 

o 7 level air wet bulb temperature (2.00%) 

o 7 level air dry bulb temperature (1.88%) 

• Model D 

o Surface air wet bulb temperature (2.23%) 

o Surface air dry bulb temperature (4.03%) 

o 7 level air wet bulb temperature (1.73%) 

o 7 level air dry bulb temperature (1.66%) 
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• Model E 

o Surface air wet bulb temperature (1.66%) 

o Surface air dry bulb temperature (2.78%) 

o 7 level air wet bulb temperature (1.55%) 

o 7 level air dry bulb temperature (1.68%) 

 

Figure 55: MAPE values for the test set 

Figure 55 details the MAPE values for the test set for each model. The MAPE values 

follow the same trend as the CV(RMSE) values for the test set, where they improve 

as the forecasting horizon decreases. 

The +-10% threshold for the MAPE is reached for the following models: 

• Model A 

o 7 level air wet bulb temperature (2.33%) 

o 7 level air dry bulb temperature (3.37%) 

• Model B 

o Surface air wet bulb temperature (10.84%) 

o Surface air dry bulb temperature (10.88%) 

o 7 level air wet bulb temperature (2.17%) 

o 7 level air dry bulb temperature (1.73%) 

• Model C 

o Surface air wet bulb temperature (4.98%) 



Chapter 3 | Implementation and results 

 

91 

o Surface air dry bulb temperature (5.49%) 

o 7 level air wet bulb temperature (1.28%) 

o 7 level air dry bulb temperature (1.07%) 

• Model D 

o Surface air wet bulb temperature (2.99%) 

o Surface air dry bulb temperature (3.29%) 

o 7 level air wet bulb temperature (1.11%) 

o 7 level air dry bulb temperature (0.95%) 

• Model E 

o Surface air wet bulb temperature (2.29%) 

o Surface air dry bulb temperature (2.49%) 

o 7 level air wet bulb temperature (1.01%) 

o 7 level air dry bulb temperature (0.95%) 

Models D and E achieved CV(RMSE) values below the 5% threshold for all forecasted 

temperatures. Models C, D, and E achieved MAPE values below the 10% threshold 

for all forecasted temperatures. Therefore, these models, C, D, and E, are deemed 

accurate for forecasting temperatures. Moreover, it can be observed that it is more 

difficult to forecast the surface temperatures due to the larger variability in the data. 

Finally, model A (1-day forecast) and model B (12-hour forecast) do not meet the 

thresholds for CV(RMSE) and MAPE. This indicates that an alternative method of 

forecasting temperatures should be developed for larger forecasting horizons. Thus, 

this section verifies that research objective 2 was fulfiled. 

3.3. Dynamic control solution verification 

3.3.1. Preamble 

This section covers the third research objective, outlined in Section 1.7. 

Research objective 3: Develop a dynamic control solution for the surface BAC 

cooling plants and the BAC. 
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This objective is accomplished by implementing the method illustrated in Section 2.5: 

developing and applying a dynamic control solution using an AI-based temperature 

forecasting model. The solution overview is detailed in the figure in Section 2.5.  

The method contained specifications which are addressed in Section 2.5 and are listed 

below: 

• Specification 1: Daily data acquisition. 

• Specification 2: AI-based forecasting. 

• Specification 3: Daily operation suggestion. 

The dynamic control solution was proposed to be developed for the case study mine 

detailed in Section 3.1.2. The control solution used the verified temperature 

forecasting models and the parts of the model development procedure for the control 

solution (Section 0). The dynamic control solution was developed from the following 

models: 

• Model C (two-hour forecast) 

• Model D (one-hour forecast) 

• Model E (30-minute forecast) 

3.3.2. Specification 1: Daily data acquisition 

The data acquisition process was done using the method mentioned in Sections 2.4.1 

and 3.2.2. The data is extracted based on the required data to forecast each model. 

The data is extracted with a 30-minute frequency. After this data was extracted, the 

data was stored in a CSV file locally on a PC. 

The following extraction periods were done for each model: 

• Model C (extract data for the previous two hours from the present time) 

• Model D (extract data for the previous hour from the present time) 

• Model E (extract the present time data) 

The data is extracted for the parameters discussed in Section 3.2.4. Figure 56 

indicates an example of data extraction for the surface ambient dry bulb air 

temperatures required for model C. 
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Model C was developed to forecast temperatures two hours ahead based on the 

previous two hours. In this example, the present time is 09:00:00. Thus, model C will 

forecast temperatures at 11:00:00 (4 timesteps ahead). 

 

Figure 56: Surface dry bulb air temperature extraction for model C 

The data extraction procedure was done for models C, D, and E, thus concluding the 

data acquisition phase for the control solution. 

This verifies that Specification 1 was addressed to ensure the correct data is acquired 

to forecast temperatures based on each model. 

3.3.3. Specification 2: AI-based forecasting 

The extracted data was still in the raw format from Section 3.3.2. The extracted data 

was cleaned and processed using the same procedure used in Sections 3.2.3 and 

3.2.5 without the data partitioning to develop the temperature forecasting models. 

The following figures show the results of the developed models for a typical day 

outside of the training, validation, and test set. 
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Figure 57: Real-time forecast of the surface air wet bulb temperature using model C 

Figure 57 shows the forecasted surface air wet bulb temperatures compared to the 

actual temperatures. Each timestep indicates the temperatures forecasted two hours 

ahead of its actual time, as stated in Section 3.3.1. 

A MAPE of 7.72% was achieved for model C’s forecast of the surface air wet bulb 

temperatures. Moreover, the forecasting accuracy improves later in the day, as it relies 

less on the previous day's data. 

Figure 58 shows the forecasted 7 level air wet bulb temperatures compared to the 

actual temperatures. It can be observed that there is less variation in the data as 

compared to the surface temperatures. This is due to the additional cooling auxiliaries 

found underground. A MAPE of 2.32% was achieved for the 7 level air wet bulb 

temperatures. 

The results discussed in Figure 57 and Figure 58 indicate that model C can forecast 

temperatures accurately since they are below the 10% threshold. Thus, model C can 

be a dynamic control solution for the surface BAC plants and fans. The following 

figures detail the results obtained for model D. 
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Figure 58: Real-time forecast of the 7-level air wet bulb temperature using model C 

 

Figure 59: Real-time forecast of the surface air wet bulb temperature using model D 

Model D yielded a MAPE of 6.57% when comparing the forecasted and actual surface 

wet bulb temperatures (Figure 59), which is lower than the MAPE observed for model 

C (7.72%). This follows the same trend shown in Section 3.2.7 when evaluating the 

models on the test set, where the MAPE is smaller for smaller forecasting horizons. 
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Figure 60: Real-time forecast of the 7 level air wet bulb temperature using model D 

The forecasted 7 level air wet bulb temperatures achieved a MAPE of 2.27% 

compared to the actual temperatures. The results obtained are similar to those 

observed for model C (Figure 58). This is due to the lack of temperature variation 

throughout the day. The results obtained for model E are shown in Figure 61 and 

Figure 62. 

 

Figure 61: Real-time forecast of the surface air wet bulb temperature using model E 
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A MAPE of 4.9% is observed in Figure 61, yielding a similar trend in the comparisons 

of Figure 57 and Figure 59, where the MAPE decreases as the forecasting horizon 

decreases. Figure 62 yielded a MAPE of 2.13%, similar to the results obtained for 

models C and D. 

 

Figure 62: Real-time forecast of the 7 level air wet bulb temperature using model E 

The results above indicate that the MAPE values are below the 10% threshold, thus 

deeming the models accurate. The following figure shows the MAPE values for models 

C, D, and E for real-time forecasting. 

 

Figure 63: MAPE values for real-time temperature forecasts 
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Figure 63 shows that MAPE values achieved for all the forecasted temperatures are 

below the 10% threshold. Thus, the models are accurate for real-time temperature 

forecasting. However, the models struggle to forecast temperatures that converge to 

zero, as seen in Figure 64 

 

Figure 64: Real-time forecast of the surface air wet bulb temperature with zero values 

Since the models are accurate, as seen in Figure 63, this indicates that the models 

can accurately forecast temperatures in real-time. Therefore, the models can be 

successfully implemented to determine the dynamic control solutions. 

Thus, Specification 2 has been addressed. Specification 2 shall be used in the solution 

developed for Specification 3. 

3.3.4. Specification 3: Operation suggestion 

The dynamic operation suggestion is based on the real-time forecasted temperature. 

As discussed in Section 2.5.3, the thresholds for the surface air wet bulb temperature 

are 7°C and 32°C for the 7 level air wet bulb underground temperatures. 

These objectives form the basis of the dynamic control solution. The dynamic control 

solution was developed for models C, D, and E. 
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Summer operation suggestion 

Figure 65 shows the real-time forecasted temperatures with the 7°C threshold based 

on a day outside the winter months (June, July, and August). 

 

Figure 65: Forecasted summer surface air wet bulb temperatures using model E with the threshold 

Figure 65 yielded a MAPE of 3.75%. The forecasted temperatures are below 7°C 

between 00:00 and 08:00. Thus, the BAC fans and plants can be switched off during 

this period. 

 

Figure 66: Forecasted summer 7 level air wet bulb temperatures using model E with the threshold 
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A MAPE of 1.42% was achieved, as shown in Figure 66. The forecasted temperatures 

are below 32°C. 

Thus, the temperatures indicate the possibility of switching off the BAC fans and plants 

with the assumption that the operations of the underground cooling auxiliaries remain 

the same throughout the day. 

 

Figure 67: Summer BAC operations 

Figure 67 shows the actual running statuses for the BAC operations (BAC fans and 

plants). The suggested operation based on the forecasted temperatures is observed 

in Figure 68. 

Figure 68 shows the suggested operation based on the forecasted temperatures 

shown in Figure 65 and Figure 66. The operation suggestion strategy is proposed to 

be a real-time solution. These figures show the suggested strategy based on model 

E’s forecasting model. 

In a real-time scenario, the temperature is forecasted 30 minutes ahead of the actual 

time iteratively. The forecasted temperature will determine whether the BAC 

equipment should be switched off for that forecasted period. 
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Figure 68: Suggested BAC operations strategy for summer 

Model C achieved a MAPE of 10.42% and 1.92% for the surface air wet bulb 

temperatures and the 7 level air wet bulb temperatures. The model suggested the 

same summer operation as model E with an iterative two-hour forecast. 

The same summer operation solution was observed for model D with MAPE values of 

5.4% and 1.68% for the surface air wet bulb temperatures and the 7 level air wet bulb 

temperatures with iterative one-hour forecasts. 

Winter operation suggestion 

Figure 69 shows the real-time forecasted temperatures with the 7°C threshold based 

on a day in the winter months. The real-time forecasted temperatures achieved a 

MAPE of 6.82%. 

The forecasted temperatures are slightly above the 7°C threshold for several periods 

during the day, with a maximum temperature of 7.11°C. Thus, the BAC fans and plants 

can be switched off all day. 
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Figure 69: Forecasted winter surface air wet bulb temperatures using model E with the threshold 

 

Figure 70: Forecasted winter 7 level air wet bulb temperatures using model E with the threshold 

A MAPE of 2.31% was achieved, as shown in Figure 70. The forecasted temperatures 

are below 32°C. Thus, the temperatures indicate the possibility of switching off the 

BAC fans and plants based on the same assumption used in the summer months. 
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Figure 71: Winter BAC operations 

Figure 71 shows the actual running statuses for the BAC operations during winter. A 

control strategy had already been implemented in the case study during the winter 

months by Lodewyk [41]. The strategy ensured that the surface BAC operations were 

on between 10:00 and 16:00. The suggested operation based on the forecasted 

temperatures is observed in Figure 72. 

 

Figure 72: Suggested BAC operations strategy for winter 

Figure 72 shows the suggested operation based on the forecasted temperatures 

shown in Figure 69 and Figure 70. As discussed for the summer operation suggestion, 
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the operation suggestion shown in Figure 72 is based on model E with iterative real-

time 30-minute forecasts. 

Model C achieved a MAPE of 13.81% and 2.80% for the surface air wet bulb 

temperatures and the 7 level air wet bulb temperatures. The model suggested the 

same winter operation as model E with an iterative two-hour forecast. The same winter 

operation solution was observed for model D with MAPE values of 8.26% and 2.68% 

for the surface air wet bulb temperatures and the 7 level air wet bulb temperatures 

with iterative one-hour forecasts. 

Based on these results, model C is more likely to be inaccurate for the temperature 

forecasts, and model E provides the most accurate forecasts. Thus, model D (one-

hour forecast) would be the most suitable model to implement on Mine A. This gives 

the mine enough lead time to prepare to switch on or off the BAC equipment with 

sufficient forecasting accuracy. 

Mine A manually controls the BAC plants and fans via the instruction of the control 

room. Thus, the alarm system can indicate to the control room when the BAC plants 

and fans should be running. Using model D’s solution, the control room will receive an 

alarm one-hour in advance indicating the operation of the BAC equipment. This allows 

sufficient time to send data from the control solution to the alarm system. 

Based on the operation suggestion, electricity savings could have been achieved if the 

solution had been implemented for that day. The suggested solution depends on the 

day's temperature since the forecasted temperatures are dynamic. Therefore, 

Specification 3 was addressed based on the results. 

All specifications were addressed in this section. Specification 1 was the daily 

acquisition procedure, 2 was the AI-based forecasting, and 3 was the daily operation 

suggestion for the BAC equipment. Therefore, research objective 3 was addressed. 
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3.4. Validation of the proposed solution on the case study 

3.4.1. Preamble 

This section shall address the final research objective. 

Research objective 4: Validate the control solution which addresses the research 

problem. 

Section 3.1 determined whether system parameters are closely related to the surface 

BAC equipment. This was important since developing an AI-based forecasting model 

relies on data availability from the system parameters, thus verifying research 

objective 1. Section 3.2 verified the feasibility of applying an LSTM-RNN model to 

forecast temperatures over various forecasting horizons, which addressed research 

objective 2. Section 3.3 indicated that a dynamic control solution can be developed 

using the temperature forecasting models developed in Section 3.2. Therefore, this 

section addressed research objective 3. 

The first three research objectives address the feasibility of using AI-based forecasting 

to develop a dynamic control solution on a surface cooling system. 

Research objective 4 consolidates the developed solution by detailing the possible 

electricity savings that could be realised during implementation and addresses the 

need for the study, as discussed in Section 1.6. 

AI-inspired temperature forecasting is needed to develop a dynamic control solution 

for deep-level mine cooling systems. 

3.4.2. Electricity cost savings 

The electricity cost savings will be calculated to determine whether the developed 

dynamic control solution indicates a reduction in electricity usage. The electricity cost 

saving is determined for a day in the summer and a day in the winter. The summer 

day profile amounts to a reduction in electricity of 15 MWh, equivalent to ZAR 17 897 

per day. 
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It is crucial to emphasise that the control solution is mainly applied during the 

transitional months between the summer and winter periods (May and September). 

This led to possible electricity cost savings of ZAR 0.5 million per annum using the 

2022/2023 Eskom tariffs. Figure 73 illustrates the actual power usage in comparison 

to the possible power usage based on the dynamic control solution during summer. 

 

Figure 73: Summer actual and solution power usage comparison 

The winter day profile amounts to a reduction of 5 MWh of electricity, amounting to 

ZAR 9 570 per day. As discussed in Section 3.3.4, a winter electricity savings strategy 

had already been implemented in Mine A. Thus, the electricity savings realised from 

the dynamic control solution supplement the existing electricity savings during winter. 

This led to a possible electricity cost savings of ZAR 0.8 million per annum. Due to the 

increased tariffs during the winter periods, higher electricity cost savings are realised. 

Moreover, lower temperatures are realised during winter. Therefore, the BAC 

equipment does not need to be operational at greater frequencies during this period. 

Figure 74 indicates the actual power usage in comparison to the possible power usage 

based on the dynamic control solution during winter. 
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Figure 74: Winter actual and solution power usage comparison 

This study aimed to develop an AI-based temperature forecasting model for a dynamic 

operation strategy on Mine A’s cooling system, specifically the BAC APs and fans. 

Moreover, to determine whether possible electricity savings can be realised. The 

developed strategy yielded electricity cost savings of ZAR 0.5 million during summer 

and ZAR 0.8 million during winter. The total expected savings for the solution was ZAR 

1.3 million per annum. 

3.4.3. Discussion of findings 

Section 3.4.2 compared the actual power consumption to the expected power 

consumption generated from the developed solution and showed that possible 

electricity savings could be realised if implemented. Although a possible electricity 

reduction is observed, the developed solution has some shortcomings. 

The shortcomings are addressed from the following points: 

• Section 3.2.6 discussed the development of five models with different 

forecasting horizons. It was found that models with forecasting horizons of 1 

day and 12 hours were deemed inaccurate. 

The accuracy of the models can be improved by increasing the dataset while 

retraining the models. Moreover, alternative forecasting models should be 

investigated for longer forecasting horizons. 

• Other models, such as CNN and GRU, should developed and compared to the 

LSTM-RNN for a more holistic approach to the feasibility of the model. 
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• The solution can be expanded to Mine A's cooling system, possibly yielding 

more electricity savings. 

• Optimisation algorithms can be implemented during warmer temperatures, 

which are mainly observed during the summer periods. This leads to 

developing alternative energy savings strategies such as load shifting. 

• Further validation can be achieved through an actual implementation using a 

test. Although a winter control strategy has been implemented, assessing the 

strategy during summer periods is important. 

The potential of improving the control solution may be realised by addressing these 

shortcomings. However, a successful development of a solution was observed, thus 

indicating the viability of using AI temperature forecasting on a case study mine to 

achieve electricity cost savings. 

As discussed in Section 1.2.2, energy reduction strategies are imperative to reduce 

gold mining industry costs. Therefore, the developed solution is an energy reduction 

strategy, indicating the potential to reduce gold mining costs. The literature summary 

in Section 1.5.1 shows a lack of AI-based forecasting techniques in the gold mining 

industry. The feasibility of applying such techniques was proved through this study. 

Harmse [8] used a mathematical model to characterise refrigeration plants and an AI 

optimisation algorithm to optimise the operations of said plants. The study suggested 

using ANNs for improved accuracy in characterising the plants and incorporating 

additional parameters with minimal effort. 

This study indicated the feasibility of using an LSTM-RNN, a type of ANN, as part of 

the energy reduction strategy on a section of the refrigeration system in a deep-level 

mine. This indicates the relevance of this study to deep-level mine cooling systems. 

3.5. Conclusion 

The results of the methodology from Chapter 2 were explored in this chapter. The 

chosen case study mine was a deep-level gold mine with a complex and integrated 

cooling system. The study only focused on a section of the cooling system: the surface 

BAC plants and fans. 
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The background of the case study cooling system and parameter identification was 

discussed in Section 3.1. The parameters were identified using the mine’s SCADA 

system and compared to the parameter requirements used for a traditional simulation 

method, which addressed research objective 1. 

After identifying the parameters, the next step was to develop LSTM-RNN temperature 

forecasting models. The models were developed to forecast the surface and 

underground wet bulb and dry bulb temperatures. This was done using the steps 

detailed in Section 0. The data for each parameter was extracted from the case study 

mine’s historian database. The was cleaned by removing outliers and applying the 

KNN imputation technique to replace missing data points. Only seven of the 

parameters were selected for further processing for the models. The additional 

parameters were not required to improve the accuracy of the models; thus, they were 

discarded. The data was further processed using the sliding window implementation, 

data partitioning and scaling methods as discussed in Section 3.2.5. 

Hyperparameters were determined based on literature and altered using a random 

search algorithm. The concluding hyperparameters were detailed in Section 3.2.6. 

Once the model's architecture was determined, and the training commenced, the 

model's performance was monitored iteratively, indicating improvement in the MSE 

error after each epoch. The model performance on the training set and set were then 

evaluated using the CV(RMSE), RMSE, and MAPE metrics. The models yielded lower 

values for the validation sets when compared to the training sets. This indicated that 

the models tended to perform well on unseen data. The performance of the model was 

validated using the test sets. These sets were not involved in the training phase of the 

model. 

Models D and E achieved CV(RMSE) values below the 5% threshold, and models C, 

D and E achieved MAPE values below the 10% threshold for all forecasted 

temperatures. Thus, models C, D and E were deemed accurate. Model A (1-day 

forecasts) yielded the worst metrics performance. Table 9 indicates the CV(RMSE) 

values, and Table 10 shows the MAPE values. 
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Table 9: CV(RMSE) values for model A 

Parameter CV(RMSE) (%) 

Surface air wet bulb temperature 8.15 

Surface air dry bulb temperature  11.06 

7 level air wet bulb temperature  3.79 

7 level air dry bulb temperature 5.78 

Table 10: MAPE values for model A 

Parameter  MAPE (%) 

Surface air wet bulb temperature 13.28 

Surface air dry bulb temperature  11.43 

7 level air wet bulb temperature  2.33 

7 level air dry bulb temperature 3.37 

Model E yielded the best performance for all performance metrics. The CV(RMSE) 

and the MAPE values are detailed in Table 11 and Table 12. 

Table 11: CV(RMSE) values for model E 

Parameter CV(RMSE) (%) 

Surface air wet bulb temperature 1.66 

Surface air dry bulb temperature  2.78 

7 level air wet bulb temperature  1.55 

7 level air dry bulb temperature 1.68 

Table 12: MAPE values for model E 

Parameter  MAPE (%) 

Surface air wet bulb temperature 2.29 

Surface air dry bulb temperature  2.46 

7 level air wet bulb temperature  1.01 

7 level air dry bulb temperature 0.95 

These results indicate the feasibility of using LSTM-RNN models for air temperature 

forecasting in the deep-level mining industry, thus verifying research objective 2. 

After determining the verified accurate models, these models were applied to develop 

a dynamic control solution. The developed solution consisted of three specifications: 

daily data acquisition, real-time AI-based temperature forecasting, and the suggested 
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dynamic control strategy discussed in Section 3.3. Control solutions were developed 

for models C, D, and E. 

Specification 1 was addressed in Section 3.3.2, which involved the data acquisition 

procedure. Section 3.3.3 details the real-time AI-based temperature forecasting 

models for each accurate model. The models that achieved MAPE values are 

observed in Table 13 

Table 13: MAPE values for real-time forecasting 

Model Parameter  MAPE (%) 

C 
Surface air wet bulb temperature 7.72 

7 level air wet bulb temperature  2.32 

D 
Surface air wet bulb temperature 6.11 

7 level air wet bulb temperature  2.48 

E 
Surface air wet bulb temperature 4.90 

7 level air wet bulb temperature  2.14 

The dynamic control strategy was developed using the real-time forecasting models 

from Specification 2 to determine when the surface BAC plants and fans are 

operational. The summer operating strategy led to a potential electricity cost savings 

of ZAR 0.5 million per annum, and the winter operating strategy led to a potential 

savings of ZAR 0.8 million per annum. This equated to a total savings of ZAR 1.3 

million per annum. The developed strategies and the potential electricity cost savings 

verified that research objectives 3 and 4 were addressed. 

This chapter confirmed the achievement of all research objectives. Moreover, the 

discussion of results indicates that the need for the study was addressed. 

Furthermore, the shortcomings indicating possible improvements were indicated. 
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Chapter 4: Conclusion 
 

 

 

 

 

 

 

 

 

“Though the road's been rocky, it sure feels good to me.” 

― Bob Marley 
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4. CONCLUSION 

 

4.1. Summary 

Electricity costs in South African deep-level mines are one of the challenges to 

overcome to remain profitable. As discussed in Chapter 1, mining cooling systems 

account for approximately 28% of a deep-level mine's energy consumption due to their 

complexity. 

Literature has shown that control strategies have been developed to enhance the 

efficiency of these systems, leading to electricity cost savings. However, additional 

electricity cost savings are missed since the proposed strategies are often static, and 

the parameters used are dynamic. The use of AI allows the opportunity to control these 

systems dynamically. 

Against this backdrop, a need for the study was identified. 

AI-inspired temperature forecasting is needed to develop a dynamic control solution 

for deep-level mine cooling systems. 

The following objectives were developed to address the problem and address 

limitations: 

• Research objective 1: Identify the parameters of the system that are closely 

related to the surface BACs. 

• Research objective 2: Determine, develop, and evaluate an appropriate 

temperature forecasting model. 

• Research objective 3: Develop a dynamic control solution for the surface BAC 

cooling plants and the BAC. 

•  Research objective 4: Validate the control solution which addresses the 

research problem. 

This study followed the case study research methodology to fulfil objectives. The 

methodology starts with the problem identification and a literature review, which was 

discussed in Chapter 1. 
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This chapter observed the energy reduction strategies implemented in the mining 

industry. Moreover, a review of relevant AI-inspired temperature forecasting 

technologies was provided. This formed the basis for the need for the study. 

A method was developed to address the research objectives discussed in the case 

study methodology. This method included identifying system parameters, model 

development, and developing a dynamic control solution. 

According to the existing literature, the LSTM-RNN model is the most popular 

algorithm. Thus, this model was selected to forecast the case study mine’s 

temperatures. However, some literature indicates that the CNN and GRU models can 

be used for temperature forecasting. 

The model development procedure included data cleaning, feature selection, further 

data pre-processing, and hyperparameter selection, which formed the basis of the 

procedure. Five models were developed with different forecasting horizons; model A 

had the largest forecasting horizon with 1 day, and model E had the smallest horizon 

with 30 minutes. The models were then evaluated with the test dataset, which was not 

involved during the training phase, to identify which models were accurate for the 

dynamic control solution. Model C (two-hour forecasts), model D (one-hour forecasts), 

and model E (30-minute forecasts) were deemed as accurate, yielding CV(RMSE) 

values below the 5% threshold and MAPE values below the 10% threshold. 

The dynamic control solution was developed using accurate models. The models were 

forecasted in real-time, yielding MAPE values of 4.90% for the surface air wet bulb 

temperatures and 2.14% for the underground wet bulb temperatures. The real-time 

forecasts were used to identify the control suggestion for the surface BAC plants and 

fans. The control suggestions yielded different solutions for the summer and winter 

periods—a potential annual electricity cost reduction of ZAR 1.5 million. 

4.2. Recommendations for future work 

The following remarks and recommendations were made based on the results 

observed for the case study. These recommendations were based on the 

shortcomings observed in Section 3.4.3: 
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• This study involved underground air temperatures as model parameters for one 

level of the case study mine. Additional weather stations are recommended to 

be installed on all working levels. Moreover, the stations should be installed 

where the surface BAC plants and fans impact the underground areas most. 

This isolates the underground conditions’ dependency on the surface BAC 

plants and fans. 

• A more sophisticated approach to removing outliers should be applied in a data 

cleaning procedure, such as implementing clustering algorithms to detect 

outliers. 

• A comparison of different imputation techniques can be implemented and 

assessed to determine the most appropriate imputation technique for the data 

cleaning procedure. 

• Alternative models should be implemented to improve the performance of 

models with longer forecasting horizons. 

• A feasibility study is recommended to compare GRU and CNN to the LSTM-

RNN model to determine the holistic feasibility of using AI-based temperature 

forecasting in the mining industry. 

• It is recommended that the forecasting horizon should be decreased to 

implement a real-time control strategy of the surface BAC plants and fans. This 

will be suitable if the case study mine implements automated control strategies 

using VSDs and automated valves. 

• The proposed can be implemented as part of a holistic control strategy for the 

entire cooling system. 
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6. APPENDICES 

 

Appendix A: Additional Results 

A1: Training and Validation Loss During Model Training 

Model training was done in five models, respectively, as discussed in Section 3.2.6. 

The training loss for model A was observed. The training loss for the other four models 

is in Figure 75. 

 

Figure 75: Model B mean square error during the training phase. 

 

Figure 76: Model C mean square error during the training phase. 
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Appendix A: Additional Results 

 

 

Figure 77: Model D mean square error during the training phase. 

 

Figure 78: Model E mean square error during the training phase. 

A2: Actual vs Forecasted Temperatures 

This section shows the additional comparisons of the temperatures based on the 

evaluation metrics detailed in Figure 54 and Figure 55. 
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Surface air dry bulb temperatures 

 

Figure 79: Model A surface air dry bulb temperature predictions on test set. 

 

Figure 80:Model B surface air dry bulb temperature predictions on test set. 
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Figure 81: Model C surface air dry bulb temperature predictions on test set. 

 

Figure 82: Model D surface air dry bulb temperature predictions on test set. 
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Figure 83: Model E surface air dry bulb temperature predictions on test set. 

Surface air wet bulb temperatures 

 

Figure 84: Model A surface air wet bulb temperature predictions on test set. 
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Figure 85: Model B surface air wet bulb temperature predictions on test set. 

 

Figure 86: Model C surface air wet bulb temperature predictions on test set. 
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Figure 87: Model D surface air wet bulb temperature predictions on test set. 

 

Figure 88: Model E surface air wet bulb temperature predictions on test set. 
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7 level air dry bulb temperature 

 

Figure 89: Model A 7 level air dry bulb temperature predictions on test set. 

 

Figure 90: Model B 7 level air dry bulb temperature predictions on test set. 
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Figure 91: Model C 7 level air dry bulb temperature predictions on test set. 

 

Figure 92: Model D 7 level air dry bulb temperature predictions on test set. 
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Figure 93: Model E 7 level air dry bulb temperature predictions on test set. 

7 level air wet bulb temperatures 

 

Figure 94: Model B 7 level air wet bulb temperature predictions on test set. 
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Figure 95: Model C 7 level air wet bulb temperature predictions on test set. 

 

Figure 96: Model D 7 level air wet bulb temperature predictions on test set. 

 

 


